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1

INTRODUCTION

1.1.

Background on asset pricing theory and models

The financial assets sell a promise of future income. This promise is same however, it is
valued differently and as a result, we see different prices associated with different
assets. Asset pricing as a subject tends to rationalize these differences in the pricing of
the assets in relation with their uncertain future cash flows by implying some structure
on the investor behavior. To start with an investor foregoes a part of current
consumption by investing in some portfolio of assets to earn future income to consume
later. This substitution of current consumption for future determines the price of the
portfolio, which equates the loss of marginal utility of consuming less today with a gain
in marginal utility of consuming more in future. The equality between marginal loss
and marginal gain of utilities results in an investor’s optimal portfolio decision. For
pricing perspective, marginal utility of consumption of future uncertain cash flow to the
investor is an integral part and it is higher when overall consumption in an economy is
lower. This results in higher price for those assets, which provide higher cash flow in
bad states of economy because investors want smooth stream of consumption across
different states.
In finance this intertemporal substitution of consumption decision of the investor is a
function of stochastic discount factor. The price of any asset is determined by
covariance of its cash flows with discount factor, whereas positive covariance means
higher price or lower return. As discount factor is negatively related with overall
consumption hence positive covariance of asset pay-off with discount factor means,
that asset pays more when consumption is lower and it’s utility to investor is higher and
vice versa. This is a fundamental principle of asset pricing and all models which have
evolved over the time proxy for the same underlying relationship between assets and
discount factor in one way or another. However, the actual theoretical model linking
the discount factor directly with consumption 1 came quite late in chronological order.
The first attempt at investor’s optimal portfolio decision came from Markowitz (1952,
1959), who is rightly regarded as founder of modern portfolio theory. The investor
wants the optimal solution of the problem of how much to consume and invests today
in some portfolio of assets such as tomorrow she can consume the market value of the
investment made in previous period. Under some assumptions Markowitz (1952, 1959)
elucidates that investor opts for the efficient portfolio which has among all other
portfolios for the given mean return has the minimum variance or for given variance
has the maximum mean return. In nutshell it is a one period model providing the
solution for the investor optimal consumption-investment decision within two
parameter world. This simplification is achieved because of two assumptions. That the
returns on the portfolios are normally distributed and investors are risk aversive. The
first assumption describes the investor’s portfolio selection decision as a combination
of current consumption and expected future consumption described over some
probability distribution. With each combination there is associated expected mean and
its variance. Then second assumption defines investor’s preferences in terms of mean
and variance over different combination of consumption plans. Implying that investor
likes higher expected returns (future consumption) and dislikes variance (volatility in
consumption), this results in the selection of efficient portfolio which is investor’s
1For

instance Breeden’s (1979) consumption capital asset pricing model (CCAPM) links expected return on
the asset with its consumption beta, which is a covariance between asset returns and consumption growth.
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optimum consumption-investment decision in Markowitz (1952, 1959) two parameter
world.
The next lead is if investors decide within two parameter model, then how it relates
with the formation of price in capital market. Sharpe (1964) and Linter (1965) extended
the work of Markowitz (1952, 1959) in this direction and in summary elaborated the
price formation in market equilibrium conditions, in presence of investors who are
holding the efficient portfolios. Their advocated capital asset pricing model (CAPM) has
only one implication that market portfolio is efficient under market equilibrium, and
there is linearity of relationship between returns on efficient portfolios held by
investors and market portfolio. Sharpe-Linter model requires unrestricted borrowing
and lending at risk-free rate which in real world situation is quite unrealistic
assumption. The different variants of their model are devised and the most important
among them is attributed to Black (1972). In this model a combination of zero beta
portfolio and market portfolio is an efficient portfolio, provided the returns on both
portfolios are uncorrelated. It implies that under market equilibrium, with unrestricted
short-selling for risky assets, the return on any security is equal to the returns on zerobeta portfolio and to a product of its beta with market portfolio times the excess market
return over zero beta portfolio.
Major criticism on CAPM is an advocacy of market portfolio as a proxy for all of the
invested wealth in an economy. Roll (1977) argued for the truer proxies for the market
portfolio being more representatives of overall invested wealth. As the market portfolio
is composed of securities traded in the capital market and it excludes return on human
capital. Of course it is a practical handicap on the applicability of CAPM then a failure
of theory itself. Ross (1976) provides one alternative to CAPM in shape of arbitrage
pricing theory (APT), that if not one factor then possibly the inclusion of other factors
may predict the expected returns on different assets in better way.
Theoretical motivation of CAPM and APT has been discussed considerably to make a
case that real world prices are the description of their suggestive pricing mechanism.
One of the short coming is, for instant how well a market portfolio represents good and
bad states in an economy. Since all different ways of derivation of CAPM reduces to an
observation that investor’s marginal utility of consumption depends only on market
return2. This constrains the model to accommodate more realistic scenario which
investor’s consumption-investment decision may require. Secondly both models are
one period model, even though Fama (1970) derived period after period application of
CAPM, however multi-period holding requires an additional assumption that there is
no shift in the investment opportunity set. Both of these shortcomings led to extension
of CAPM to intertemporal CAPM (ICAPM), which was first derived by Merton (1973).
In this model investors not only know the transitional probabilities of the returns and
in addition also form expectation about future changing investment opportunities
owing to changes in state variables. These state variables are linked with investors
expected future return. As Fama and French (1996, 2004) described ICAPM as an
extension of CAPM from one factor which is market return to other factors in shape of
state variables which have influence upon investors portfolio selection decision.
In all of the above models some variables as a proxy for aggregate consumption in
economy are used to represent the discount factor. There are models which directly
imply consumption and link it with asset pricing and these models are generally known
In Cochrane (2001, 2005), CAPM is derived in various ways and in all linking stochastic discount factor
with return on total wealth and using market returns as its proxy.
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consumption-based capital asset pricing model (CCAPM). Such models are attributed
to Rubinstein (1976) and Breeden (1979). These models predict that prices are
discounted value of future cash flows. The cash flows associated with some assets are
discounted in line with the marginal utility of consumption that they provide to the
investors. Therefore, an asset that is giving higher returns when overall consumption is
lower provides higher utility to the investors. This thus increases the demand for such
assets, which results is higher prices and lower expected return. Alternatively said, the
average return on any asset is directly related with its covariance with consumption
growth, whereas positive covariance is suggestive of riskiness of the asset and vice
versa. These models are theoretically the most near to underlying asset pricing
assumptions.
Some word on the empirical success of these models. The CAPM predicts that those
portfolios whose returns are higher, their beta with market return should be higher as
well. There are many such portfolios reported in the literature for which market beta is
not linked with their expected returns. To example few 3, size, book-to-market (BM)
ratio, momentum and etc. related portfolio returns are not linked at all with market
beta , rather beta reduces as returns become higher and vice versa. This reported
anomaly between return and market beta culminated in the work of Fama and French
(1992). It is shown comprehensively that for size-BM portfolios the CAPM is quite
irrelevant. In later work of Fama and French (1993) used two additional factors, size
factor (SMB) and value factor (HML). Both being factor-mimicking risks measured as
return differential between smaller capitalized/high BM ratio and highly
capitalized/low BM ratio portfolios. The addition of these factors explained the return
dispersion on size-BM related portfolios. Later Fama and French’s (1993) model has
become a benchmark and is relevant not only for portfolios with some peculiar
characteristics but also robust for various other classifications of the portfolios. Though
later momentum and liquidity are also reported to be other anomalies for which
additional factors are required in addition to already three factors implied in Fama and
French (1993).
The explanation of these empirically successful factors in line with standard asset
pricing theory is not that straightforward. For instant, the reported factors which are
uncorrelated with market factor, can they be identified with some particular state in an
economy. That is, are the higher returns on high BM ratio securities indicate such
assets will perform poorly in financial distressed times and their higher returns is
compensation for their high covariance with overall consumption growth. In nutshell
the link between these factors and fundamental economic intuition behind asset pricing
is not that obvious. On the other hand the more theoretically pure models, that is,
CCAPM are empirically not that successful. If the covariance of asset returns with
consumption growth determines that asset’s expected return then the past returns for
the U.S market are way too large. This observation is termed as equity premium puzzle
which is an outcome of the fact the consumption is not that volatile. This has led to

3Banz

(1981) provided the evidence for size portfolio for the first time, Rosenberg et al. (1985) showed that
average returns are higher for portfolios with higher book-to-value ratio and this effect is missed by CAPM,
Jegadeesh and Titman (1993) sorted portfolios upon the previous year performance and find returns
increase is function of momentum which is not explained by market beta. There are many other different
characteristic based portfolios whose return increase is reported not to be matched by increase in market
beta.

4

research in manifold direction, such as implying different investor’s utility functions 4
and measuring consumption is different ways.
In summary, all the models in practice do not have unified framework for pricing,
though theory maintains that pricing is a solution of investor’s consumptioninvestment decision. A particular focus is if the assumptions under which the most of
the models are derived accommodate real world conditions in which prices are formed.
One major underlying assumption which is shared among most of the models is that
market is perfect. There is no transaction cost (e.g., no brokerage fees, commission
etc.). Investors can buy and sell as much of any security without affecting its price. In
summary there is no liquidity risk. Not surprisingly, the first study on liquidity by
Amihud and Mendelson (1986) discussed liquidity as idiosyncratic characteristic. Such
as, an appropriate selection of portfolio can diversify this effect. Obviously to qualify for
a pricing factor a systematic dimension is only important so, that prices are set in
equilibrium in view of liquidity as non-diversifiable risk at aggregate level. Pastor and
Stambaugh (2003) provided this evidence that discount factor is affected by the
liquidity risk. This is to say that higher returns are expected from those assets which are
more exposed to liquidity risk, as a compensation of providing lesser payoff to investors
to consume in bad market conditions, when marginal utility of consumption is higher.
This thesis thus focuses on liquidity as a factor important for the pricing of a security. It
serves two purposes, first it brings into more realistic assumptions by accommodating
friction in the markets which investor face, second it is theoretically well motivated as
liquidity risk is linked with overall wellbeing of the investor.
1.2.

Background for illiquidity related studies

Studies on the liquidity have two dimensions for the reason that it is not an observed
characteristic. First set of studies documented the different measures of liquidity to
proxy for it. Second strand of literature deals with its pricing implication either as an
additional factor among others or devising a pricing model in equilibrium while
adjusting for frictions. We review here just few of the important suggested liquidity
measures among many 5. Generally liquidity measures are proposed using low
frequency data because availability of longer series of high frequency is not that
widespread. Admittedly this is one of the handicaps to liquidity related studies as using
high-frequency data the finer estimates of liquidity can be gauged. Recently however, a
study by Goyenko et al. (2009) have demonstrated that liquidity measures estimated
through low-frequency data are adequately linked with their counterpart measures
when estimated through high frequency data for the U.S market
Amihud (2002) proposed liquidity a ratio of absolute returns over traded volume in
dollars using daily data, this measure proxy for Kyle (1985) concept of liquidity by
gauging a price response to order flow. Intuition is that given order flow, a price of
illiquid assets responds more owing to information asymmetry between liquidity
demander and market maker. Similarly Amihud (2002) ratio is higher for illiquid asset.
Other important proxy measures of illiquidity which are based on impact of order flow
upon prices are Pastor and Stambaugh (2003) measure and “Amivest Liquidity”. A
second set of liquidity measures proxy for bid-ask spread and these are numerous. Roll
(1982) proposed that covariance between consecutive price changes proxy for spread.
Literature proposing modification of standard utility function is enormous (see Weil (1989),Epstein and
Zin (1989), Constantinides (1990), Campbell and Cochrane (1999), and others )
5 The detailed analysis for different proxy measures of liquidity are given in Goyenko et al. (2009).
4
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Similarly Hasbrouck (2004) extended Roll (1982) argument. Recently Corwin and
Schultz (2011) estimated spread from daily low and high prices. Among them Lesmond
et al. (1999) claimed that frequency of zero return is the most overwhelming proxy for
liquidity, because it is a manifestation of all transaction cost which a rational investor
faces while deciding to trade an asset. These all proposed proxy measure of liquidities 6
in one way or another played an integral part in analyzing a role of liquidity risk for
asset pricing. As by using them one can proxy the overall liquidity risk at market level,
further this way longer time series across different market can be constructed for
conducting meaningful asset pricing tests.
More importantly, number of studies documented the pricing implication of liquidity
factor. Starting with Pastor and Stambaugh (2003), they sort returns on stocks on the
basis of their constructed liquidity measure of pervious year and aggregated them into
ten portfolios. Then using three factor model of Fama and French (1993) the alpha of
the time series of the returns on these ten portfolios are estimated, which are found to
be linked with liquidity factor. This asserts that liquidity factor is independently priced
and explains mispricing of Fama and French’s (1993) model, further they also
documented that almost half of the profit out of momentum strategy is attributed to the
liquidity factor as well. Afterwards, there have been many studies linking return
structure 7of so, called profitable strategies with liquidity risk. Significantly enough for
momentum strategy, for instance Lesmond et al. (2004) find that after accounting for
the transaction cost it is no more profitable. These studies and others over the last
decade have established liquidity factor as another important and independent pricing
factor which can explain many of existing asset pricing anomalies.
Despite being advances in liquidity related literature, a call for need of an equilibrium
asset pricing model while incorporating frictions to trade is made in Sadka (2005). In
traditional asset pricing model much in vogue in finance just assume such frictions do
not exist, and investors can buy and sell any amount of securities without having an
impact on the prices of the securities. Obviously such makes modeling easier as
building block of all, the optimality of investor’s consumption-investment decision is
assured under perfect market. Acharya and Pedersen (2005) get around this problem
very nicely, however at the cost of some other assumptions 8, such that CAPM world in
adjusted for the liquidity cost while retaining the optimality of investor’s return. In
liquidity-adjusted CAPM return on any security and return on market portfolio are seen
in their net denomination than in gross returns. This results in three additional
liquidity related betas 9as an outcome of adjusting market for frictions to trade. It is
anticipated that in presence of these liquidity betas, the liquidity risk is priced which in
sole presence of market beta is usually ignored. In their paper Acharya and Pedersen
(2005) acknowledged the narrower interpretation of liquidity in their paper. This gap
6Only

few studies are reported for instance, Pastor and Stambaugh (2003) used price reversal measure to
proxy for effect of liquidity on overall wealth whereas, Acharya and Pedersen (2005) used impact of traded
volume over absolute returns, a measure proposed by Amihud (2002), Bekaert et al. (2007) used monthly
frequency of zero returns, proposed by Lesmond et al. (1999).
7Sadka (2005) using unexpected changing in market liquidity as a pricing factor finds that liquidity risk is
priced in the context of momentum and post-earning-announcement drift portfolios for the U.S market
8 The model derived in Acharya and Pedersen (2005) assumes simple overlapping generation economy,
such that investors need to sell all their securities after one period and importantly definition of illiquidity
cost is limited. For instant, investors face no illiquidity cost while buying of any security and only face it
when selling.
9 For detailed interpretation of each beta, interested readers are referred to Acharya and Pedersen (2005)
paper.
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of devising of equilibrium asset pricing model under broader role of liquidity is filled by
10
Vayanos and Wang (2011) . In their study under unified framework an impact of
different sources of friction upon liquidity and then on pricing of the asset is studied.
1.3.

Purpose of dissertation

The empirical testing of all the models described so, far has taken the U.S market as
test case. Understandably the U.S market is very attractive choice for the empirical
11
testing of any theoretical model owing to easy availability of the high quality data with
longer history. There is though a concern as well that in the end all testing is for a single
time series and for a single cross-section of the data. This tendency is of using
repeatedly the same data is termed as data snooping (see Campbell and Mackinlay
(1999)). Theoretically however, there is no such bias for one market against another
and further for model cleansing purposes, there is always a need of out of sample
evidence. It can be argued on the basis of different operating mechanism in different
markets that contrasting results are emerged, which may help to design models to
accommodate dissimilarities prevailing across the international financial markets. In
summary there is always a need of conducting contemporary analysis on statistical and
economical grounds to learn more about asset pricing.
Recently testing of asset pricing models for markets other than the U.S have been
carried out. The conditional version of CAPM have been tested for the Australian
market by Durack et al. (2004), for the U.K market by Fletcher and Kihanda (2005)
and similarly Schrimpf et al. (2007) tested similar models for the German markets.
More importantly, for the liquidity related studies small sized markets and emerging
markets are the ideal candidates. This line of reasoning is also used in recent Bekaert et
al. (2007) studies for nineteen emerging markets, further Lesmond (2005) and Griffin
et al. (2010) also conducted liquidity related work for emerging markets. This thesis is
an attempt to analyze in detail the impact of liquidity risk for small though developed
markets in Nordic region with the special emphasis on Finland. In addition to liquidity
factor a comprehensive conditional modeling tests have been carried out for the
Finland. The purpose is to see that how far the universality of asset pricing approach
keeps consistency with the real world dynamics of different markets.
There is a consistent pattern for testing of asset pricing models 12, that is, we tend to
analyze that how anomalous returns can be explained. We study that characteristics
with which the anomalous returns are found for the U.S market are also present for the
Finnish stock market. This way we can test that, how for the investors in different
markets view the content and extent of risk in similar manner within different context.
Subsequently then the relative success of the prescribed models in explaining these
anomalies can be analyzed. In the first three papers of this thesis, “Asset pricing in
small sized developed markets”, we examine peculiar characteristics of Finnish market
to make contemporary analysis to bring out new evidence. The Finnish markets over
the time has been liberalized in terms of relaxation in ownership rules and lowering of
transaction cost, further its inclusion in EU block, presence of few highly
In the previous version of paper with name “Liquidity and Asset Prices: a Unified Framework” the
authors identified six different sources of frictions, and a theoretical model to analyze their implication for
the prices.
11The Center for Research in Security Prices (CRSP) has comprehensive stock price related data for the U.S.
market
12 An approach to asset pricing model testing is described in detail in Cochrane (2005), chap.20.
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internationalized and capitalized firms, and never the less small number of the stocks,
and liquidity issues make it a unique candidate. The small number of stocks and then
presence of highly dissimilar firms necessitate devising different approach for number
of testing portfolios. Further the choice of weighing scheme for portfolios becomes
quite important. This scenario may not be present for larger capitalized stock markets.
Lastly, the role of liquidity risk has been much emphasized for illiquid markets,
therefore, in addition to study its impact for only Finnish market we also shed some
light on the role of liquidity risk for the combined four Nordic markets. This way by
using the numerous models, and by judging their performance we can make an
intelligent statement. That which models describe the pricing of the assets for markets
under study and for the markets with same attributes in better way.
The first paper of the thesis delves with an explanation of return on different
characteristic portfolios with number of conditional and unconditional models. To get
around a problem owing to small number of stocks for the Finnish market, the returns
on test portfolios are created with numerous different characteristics such as, a sizeable
cross-section is constructed and in doing so, the critic on asset pricing by Lewellen et al.
(2010) is well accommodated. The results unlike U.S. market are sensitive to choice of
weighing scheme for portfolios returns. Therefore, importance of various risk factors
completely alters once either equally weighted or the value weighted returns are used.
The consistency in the results can only be seen in the Carhart (1997) model which
performed well for both the equally and value weighted portfolios for the Finnish
markets.
In the second paper the role of illiquidity for the Finnish market is studied under
equality of premium associated with market and illiquidity related risk factors. The
illiquidity is measured for the Finnish market in two different ways. The main
hypothesis is that the market model assign higher returns for liquid portfolios and
lower returns to illiquid portfolios because it is not adjusted for investor’s liquidity
related hedging needs. Therefore a model which is adjusted for the frictions in market
is suggestive to remove the deficiency of the market model. This is very much the
empirical finding of the paper that in presence of illiquidity related betas the return
structure for the illiquidity related portfolios is well explained. As a hint, out of total
premium explained for the return differential between extreme illiquid and liquid
portfolios by the model, a substantial amount of 92% is explained by illiquidity related
betas, and this explanation is persistence with two different illiquidity related
measures. On the other hand in the similar study for the U.S market of Acharya and
Pedersen (2005) the illiquidity based explanation was 17% of the total return explained.
The payoff of illiquid portfolios are higher than liquid portfolios, but not the prices,
apparently it looks at add with law of one price. This is however not the case, as this
paper elaborates that the returns on illiquid portfolios are highly exposed to liquidity
risk.
Related literature on liquidity is extensive, initially it was suggested that it is an
idiosyncratic characteristic 13. Then later studies demonstrated the systematic aspect 14
of it, and further elaborated that it has at least three dimensions 15. In the third paper
we therefore, run a horse race among different candidates for liquidity risks using
13Amihud

and Mendelson (1986), point out the portfolios with higher bid-ask spread have higher returns.
Studies demonstrated that liquidity risk cannot be diversified are many, few of them are of Pastor and
Stambaugh (2003), Lesmond et al. (2004) and Sadka R., (2006).
15 Study by Acharya and Pedersen (2005) developed a model under equilibrium conditions which, naturally
accounted for all the liquidity related risk factors which have been studied in the past.
14
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unexpected rise and fall in monthly zero returns as an illiquidity measure for the
Finnish market. We find that flight to liquidity factor for the Finnish market is the most
relevant among all. This means that those stocks which are illiquid find their returns
depressed the most when the market is short of liquidity. Other liquidity risks also
matter but they are not that significantly priced. Lastly we also used Fama and French’s
(1993), three factors model and Carhart’s (1997), four factors model. Our results show
that just single factor of liquidity has the same pricing capacity as of three and four
factors model.
In the last paper a role of liquidity related risk is analyzed for the four Nordic
markets. There is significant commonality is liquidity among these countries so, that
pooling their securities to create a single time series and a cross-section is a justifiable
exercise. We used a variant of illiquidity measure which is proposed by Lesmond et al.
(1999), with an additional benefit that it takes into an account the length and speed of
non-trading intervals. This way we find the significant return differential between
illiquid and liquid portfolios, which is not available with other traditional measures.
Further, newly proposed measure of illiquidity fulfills all conditions which literature
expects to be attributed with any measure of illiquidity. Last but not the least, we find
that overall liquidity risk in Nordic region significantly influences the return structure
of portfolios used in this study.
This introductory chapter is succeeded by section II in which, a brief review of assetpricing theory and some of the influential models in vogue in the field of finance are
discussed. In the section III the summary of each paper is presented in the condensed
form to highlight some empirical conclusions and their significance for the field of asset
pricing literature.
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2

REVIEW OF ASSET PRICING THEORY

2.1.

The asset pricing equation

The main focus of asset pricing theory is to rationalize the implication on the security
valuation of the investor’s consumption-investment based decisions under uncertainty.
It is the uncertainty that is the main ingredient in asset pricing paradigm, and it is
described by the probability distribution of the occurrences of different state of world
resulting in different payoffs available to be consumed. These probability associated
with the different states can be either subjective, that is, based on investors beliefs or
historical, that is, estimated by some statistical rules. The basic consumptioninvestment decision investor makes is that at time t = 1 there is wealth w1 available, a
part of which c1 is consumed and rest (w1 - c1) is allocated to investment opportunities.
The value of investment at t = 2 provides the consumption c2 to the investor. Thus, the
investor consumes and invests at time 1, and at time 2 consumes the market value of
the investment made at time 1. The market value is unknown at time 1, but investor’s
beliefs are defined on the probability space of the likely outcomes of the investment,
with which a risk inherent in an investment can be gauged. On the other hand when
there is no uncertainty the rate of return on an investment correspond to the risk free
interest rate available to all investors to avoid disequilibrium.
Investors invest in different assets with different payoffs, what possible valuation
mechanism they have to agree on a price of any asset? One can price the cash flow
expected of the each asset separately, however it is more consistent to avoid arbitrage,
to apply some general pricing rule, which can then be applied to cash flows of any
individual assets as well. This general pricing rule is existence of a stochastic discount
factor (SDF) which contains all of the information necessary to price any cash flow in
any state at any time. Its existence relies on the law of one price which negates
arbitrage opportunities.
To formalize the argument for pricing of the security we rationalize the scenario of asset
payoffs under uncertainty. Understandably a primitive source of uncertainty is
XQFHUWDLQ VWDWHV RI WKH QDWXUH WKH FROOHFWLRQ RI ZKLFK LV GHQRWHG E\  ,QYHVWRUV
objective is to afford consumption in different states of the nature and these states are
represented as s = 1, 2,….., S. Let there be an existence of an Arrow-Debreau (1954)
security 16, as a state contingent consumption claim which provides a one unit of
consumption if one particular state of world occurs and nothing otherwise. This means
that for each possible state there is corresponding consumption claim available which
ensures market completeness. A state contingent claim is an elementary claim, and
existing assets can be viewed as a complex bundle of elementary claims. As an example
a risk free asset is bundle of one of each state contingent claim. As long as a security
that can be expressed in terms of contingent claims, there exist a consumption plan
associated with each state of the world, and this implies that there exists a discount
factor. Existence of discount factor means that value of the security equals its price, that
is, law of one price hold and there exist no arbitrage opportunity 17. We denote the
payoff associated with some security as x(s), s represents the uncertain state of nature
and x is associated payoff, as indicated previously payoff spans all the states of the
16The

concept of state contingent claims and associated prices was introduced by Arrow (1951, 1953, 1970),
Debreu (1954), and others.
17 Ross (1976) showed that in the absence of arbitrage there exists linear valuation rule to price any
complex asset.
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nature. We denote the price of such complex security by p(x) and it is equal to the value
of its constituent contingent claims in all possible states and this relation is presented
as

p( x)

¦ pc(s) x(s) .

(1)

s

Above equation tells that the price of any security is equal to the sum of all prices pc(s),
for the payoffs, (providing one unit of consumption good) in all possible states of the
world. Alternatively equation (1) can also be projected as an expectation than a
summation upon all possible states by using ߨ( )ݏas a state probability. Now by
dividing state prices in each possible state by their respective probabilities gives
following relationship

p( x)

§ pc( s ) ·

¦ S (s)¨¨ S (s) ¸¸ x(s) ,
s

©

¹

(2)

equation (2) is an outcome of complete market, which implies the presence of
stochastic discount factor (SDF) and it is equal to price of contingent claim divided by
the probability, let it be denoted by m as

m( s )

pc( s )
.
S (s)

(3)

Now using equation (3) and (2), the pricing equation (1) can be summarized as
p E (mx) , which is a fundamental pricing equation. The assumption of the complete
market ensures further that m, is unique and has finite variance, above all it is positive
in each possible states s ZKLFKEHORQJVWRDFROOHFWLRQRIDOOSRVVLEOHHYHQWVWRHQVXUH
no arbitrage opportunity.
The above derivation for pricing of the securities requires that markets are complete.
Obviously in the real world situation in actual securities market the number of
securities are few and possible states are too many, such that a portfolio comprising of a
complete set of state contingent claims cannot be constructed. However, under some
conditions, the securities market together with the market of options written on the
securities are sufficient for reaching a conditions in which optimal pricing relationship
can be achieved 18.
19

The pricing relationship p E (mx) is a fundamental in asset pricing and all financial
models to explain expected returns on the assets can be described as a special case of it
under different assumptions concerning return distributions and investors preferences.
Instead of working with prices p E (mx) of the securities, their returns series are
preferred as they are stationary and this can be accommodated by dividing both side of
this equation by prices themselves and this gives

18A
19

detailed description of results and derivation are provided in Hunag and Litzenberger (1988) chap .5.
Cochrane (2005) described it as “Central asset pricing formula”.
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1

E ( mR ) .

(4)

In above relation R can be a return on any asset, however what determines any asset’s
return is its relationship with SDF. There is minimal set of assumptions that require to
be fulfilled for above relation to hold. Investors are non-satiable and want to consume
more, assuming this one can draw above relationship with an exogenous existence of
SDF as an outcome of investor’s optimal consumption-investment decision for
explanation of the returns. On the other hand given the asset returns one can explore
the implication and characteristics of SDF depending on the structure of the economy.
Whichever way one may interpret above equation the main predication is that asset
returns are determined by it’s the covariance with the SDF. Assets whose returns covary
positively with the SDF are priced highly by the investors, because they afford more
consumption to the investors in those economic states when marginal utility of
additional unit consumption is higher.
Almost all asset pricing theories and models which impose some assumptions
regarding investor’s preferences, their endowments, production technology, and about
the transaction cost can be nested in equation (4). The difference in different models is
basically how one measure the systematic risk, that is, each different model actually
proposes the different way of capturing the same covariance between asset return and
SDF. There are models which directly imply aggregate consumption data to remain as
near as possible to pure theoretical assertion of pricing equation and are motivated by
Rubinstein (1976) and Breeden (1979). Some models imply different utility functions to
represent investor’s preferences such as Campbell and Cochrane (1999) and Chan and
Kogan (2002) and others. The oldest and the most common are the linear-pricing
models on the lines of Sharpe (1964) and Lintner (1965) with some structure on
investor preference and on the economy overall. The list of these different models is
enormous and it is quite impossible to discuss all. Therefore in following subsections a
summary of the most influential financial models and their economic intuition is
discussed.
2.2.

Investors’ preferences and optimality

The main focus of asset pricing is to trace implication upon valuation of the security of
the investors’ consumption-investment decision under uncertainty. A common
framework to analyze the demand of some asset is to assume that investors’ choice
about the asset under uncertainty follows expected utility hypothesis. Alternatively it
can be said that investor’s preferences have expected utility representation. To
elaborate this, let there exists a utility function u such that random consumption x is
preferred 20 to random consumption y, then preferences will have utility representation,
if and only if, E >u ( x)@ t E >u ( y )@ , that is the utility function captures the fundamental
desire for more consumption. Further utility of consumption decreases as additional
consumption is offered. Once investor’s preferences for current consumption and for
future consumption have expected utility representation, then investor’s optimality
condition has main pricing implication for any security with uncertain payoffs.
Formally, an investor selects at time t and t+1 the optimal consumption, and invests ߝ
20There are some behavioral conditions that are necessary and sufficient to be fulfilled so, that preferences
can be represented by expected utility function, a detailed discussion can be found in Hunag and
Litzenberger (1988).
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at time t out of total wealth available ܫ௧ , in some asset with a price ܲ௧ , which pays in
the period t+1 some uncertain payoffs ܺ௧ାଵ . Investor’s maximizes current and future
21
utility of the consumption subject to budget constraints as
݉ܽݔఌ ܿ(ݑ௧ ) + ߚܧ௧ [ܿ(ݑ௧ାଵ )] ,

subject to

(5)

ܿ௧ = ܫ௧ െ ߝܲ௧ ,
ܿ௧ାଵ = ܫ௧ାଵ െ ߝܺ௧ାଵ ,
where ܿ௧ and ܿ௧ାଵ donate consumption in current and future periods, by putting the
constraints into the objective function, and setting the derivative with respect to ߝ equal
to zero, we obtain the first order condition for the investor’s optimal consumption and
choice
the of the asset
ܲ௧ = ܧ௧ ቂߚ

௨ᇱ(శభ )
ܺ௧ାଵ ቃ
௨ᇱ( )

= ܧ௧ [݉௧ାଵ ܺ௧ାଵ ] .

(6)

The equation (6) is important relationship for determining the price of any asset. It
says what price one may expect from any asset, given a payoff ܺ௧ାଵand investor’s
choice of ܿ௧ andܿ௧ାଵ . The model SDF is ݉௧ାଵ = ߚ ݑԢ(ܿ௧ାଵ )/ݑԢ(ܿ௧ ) , which in marginal
rate of substitution which depends on the form of utility function employed to
represents the investors attitude towards risk. It can be defined as the rate at which
investor is willing to forego a consumption at time t for consumption at time t+1. It is
much convenient to describe equation (6) in terms of expected returns associated with
some asset than future cash flows. Therefore defining the gross returns as ܴ௧ାଵ =
ܺ௧ାଵ /ܲ௧ , the investor’s optimality condition can be expressed as
1 = ܧ௧ [݉௧ାଵ ܴ௧ାଵ ] .

(7)

In the complete market, and when investor’s utility function is increasing in
consumption, concave, and differentiable then equation (7) alludes that all investors
view risk premium associated with any asset in same way. This uniformity of view is
attributed to a role of security markets for a kind of risk sharing which is Pareto
optimal 22. To make this point further clear a Pareto optimal allocation holds if and only
if, for each state, the marginal rates of substitution between present consumption and
future state contingent consumption is equal across all investors, precisely there exists
only one discount factor in the market. It is therefore very obvious that when all
investors use same discount factor to price any security’s payoff then they conclude the
same price or expected return. To further clarify this point we expand equation (7) in
terms covariance of any asset’s expected return with discount factor.
21 Some characteristic of the utility functions are that measures investor’s impatience to consume today,
and it is also called subject discount factor. Some other characteristics of the utility function are that it is
time independent and further in accounts for investors risk aversion, with a desire that investors want to
smooth the consumption across the period.
22An allocation of state contingent claims is said to be Pareto optimal if it is feasible and if there exist no
other allocation which while being feasible can strictly increase the utility of at least one investor without
decreasing the utilities of others.
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1 = ܧ௧ [݉௧ାଵ ]ܧ௧ [ܴ௧ାଵ ] + ܿݒ௧ [݉௧ାଵ , ܴ௧ାଵ ] ,
or
ܧ௧ [ܴ௧ାଵ ] = 1/ܧ௧ [݉௧ାଵ ] െ ܿݒ௧ [݉௧ାଵ , ܴ௧ାଵ ]/ܧ௧ [݉௧ାଵ ] .

(8)

In equation (7) if one may use ܴ instead of ܴ௧ାଵ , that is, a certain risk free payoff then
equation (8) can be expressed as
ܧ௧ [ܴ௧ାଵ ] െ ܴ = െܴ ܿݒ௧ [݉௧ାଵ , ܴ௧ାଵ ] .

(9)

This equation (9) says that expected excess return on any asset is directly proportional
to its covariance with discount factor, which is a risk premium and ܴ is constant of
proportionality. No other risk matters till the time it is uncorrelated with the discount
factor. All the idiosyncratic risks are diversified away and investors care for the
systematic risk which is shared and viewed equally. In nutshell investors only care
about the systematic risk in the economy and in equation (9) this risk arises again due
to covariance of asset returns with discount factor representing only the marginal
utility of the consumption to the investors. In may be noted that preferences of the
investors and then their utility function may change 23 for instant from being time
inseparable to separable, or can take any other form, but the discount factor related
view of pricing still remain the same.
2.3. Linear asset pricing models
The linear asset pricing models are the most popular in the field of finance and the
starting point is single-factor CAPM developed by Sharpe (1964) and Lintner (1965)
and later extended by Black (1972). One of the important assumption underlying this
and then other consequent models developed afterworlds in that market is perfect 24. In
this section thus we discuss few of those models in which investor consumptioninvestment decision optimality in achieved within a perfect market. The CAPM model
has simple prophecies that return on any asset i is linearly related with market return,
and this linearity is expressed by regression coefficient ߚ , this relationship 25 is shown
as
ܴ(ܧ ) = ܴ + ߚ ൣܴ(ܧ ) െ ܴ ൧ ,

(10)

where ܴ and ܴ are the one period returns on the asset i and market portfolio. ܴ is
risk free interest rate and the most importantly ߚ , is regression coefficient of asset
returns over market return and it can be expressed as

23Different preference structure have been proposed in the literature, for instant time inseparability and
incorporation of habits in commonly used (e.g., Abel (1990), Constantimides (1990), Campbell and
Cochrane (1999)) and others.
24 That market is perfect or frictionless, this assumption simply take away all the liquidity effect. As
investors can buy or sell any number of assets without having an impact on the prices and there is no
transaction cost involved.
25Market return is used as a proxy for aggregate wealth as is a case in empirical studies to simplify a
discussion.
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ߚ =

௩(ோ ,ோ )
(ோ )

.

In CAPM the sole presence of systematic risk is covariance of asset returns with market
return and no other risk matters for the pricing of the asset. As we know from the
equation (7) that there is unity of approach in asset pricing, and then it must imply that
market return in CAPM under some assumption is a proxy for the discount factor as
݉௧ାଵ = ܽ െ ܾܴ,௧ାଵ,

(11)

using equation (11) one can drive CAPM as presented in equation (10), with parameters
26
a and b, determined by the risk free rate and market premium . In CAPM, market
returns proxy for the growth in consumption in the economy.
The CAPM is derived under some assumptions on the investor’s behavior, that the
payoffs of all the possible portfolios for period t + 1 in a market can be ranked in terms
of their mean and variance and only these two parameters define investment
opportunities for all investors. Investors like mean returns and dislike variance and
they choose that portfolios which have maximum return given its variance, that is,
investors hold efficient portfolios and market clear as there is no excess supply and
demand for any portfolio. Further there is complete consensus among investors about
the joint distribution of the portfolios payoff for the period t + 1. Given this
informational set up and existence of risk free borrowing and lending the equilibrium
prices are set such as the equation (10) holds. This relationship has one significant
implication that market portfolio is mean-variance efficient given market equilibrium.
One criticism on Sharpe and Lintner model is that borrowing and lending cannot be
risk free. Black (1972) extended the model which reflected the non-availability of
riskless assets in practice. The main implication as regard to mean-variance efficiency
of market portfolio as an outcome of equilibrium setting of pricing process remain the
same. Roll (1977) pointed out more explicitly that CAPM success and mean-variance
efficiency of market portfolio is a joint hypothesis. That is equation (10) will hold if
market returns are replaced by any other portfolio on the mean-variance frontier of all
the assets.
The empirical weak performance of the CAPM let to search of some other factors than
market return which can proxy for the overall economic situation. Factors which are of
some interest to investors for pricing purposes. The simplified framework of CAPM is
drawn while assuming that investment opportunity set for investors is static. Merton
(1973) derived in
dynamic economy an intertemporal version of CAPM as
ௌ

ܧ௧ିଵ [ܴ௧ ] െ ܴ௧ = ߚ,௧ିଵ ܧ௧ିଵ ൣܴ௧ െ ܴ௧ ൧ + ௦ୀଵ ߚ௦,௧ିଵ ܧ௧ିଵ ൣܴ௦௧ െ ܴ௧ ൧ ,

(12)

where ܧ௧ିଵ [ܴ௧ ] is conditional expectation based on set of information available to
investor, above model takes market return ܴ௧ as a risk factor and in addition to that,
to account for changing in investment opportunity set of the investors takes the factor
mimicking portfolios ܴ௦௧ in account as representing different state variables. Under the
realistic scenario of no arbitrage opportunities in the economy, Ross (1976) derived the
Hansen and Richard (1987) show that the most of asset pricing models, including CAPM can be
expressed in SDF as there is a connection between it and mean-variance frontier.
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unconditional version of (12) with the expected returns for all assets expressed in terms
of multiple factors as
ܴ െ ܴ = ߙ + ߚ,ଵ ݂ଵ + ߚ,ଶ ݂ଶଵ +  ڮ+ ߚ, ݂ + ߝ .

(13)

In Merton (1973) proposed ICAPM and of Ross (1976) APT, the addition of factors
again proxy for the discount factor. They specify those states in which the marginal
utility of consumption is high and thus of interest to the investor for pricing
implications. Another important commonality in equation (10), (12), and (13) is that
like market portfolio of CAPM, factor mimicking portfolios of ICAPM and primitive
factor portfolios of APT all are mean-variance efficient.
All models discussed above assume markets are friction less, this of course a
simplification. As existence of transaction cost means that, the investor consumptioninvestment decision is not optimal and investor is never marginal on a security such as
equation (7) holds. Similarly the models based to no arbitrage argument need a
frictionless economy. The main building block of such models is portfolios which have
the same cash flows have the same prices. However, this principle does not apply with
transaction cost as portfolios with same case flows can have different prices, and still
leaving no arbitrage opportunity owing to difference in transaction costs of these
portfolios. Recently there are some models surfaced 27 which relax the assumption of
frictionless markets and analyze the implication of liquidity risk upon prices. We
discuss only one illiquidity related model as proposed by Acharya and Pedersen (2005)
in which CAPM is adjusted for transaction cost.
Under the implied assumptions in Acharya and Pedersen (2005), the authors claim
that equilibrium prices in their illiquidity adjusted CAPM and, CAPM proposed by
Sharpe (1964) and Lintner (1965) are the same because (i) the net returns (gross
returns excess of transaction cost) on the long position for both the models are the
same (ii) all investors in CAPM world without friction are long in the market portfolio,
and have long or short position in risk-free rate. As it is assumed that there is no cost of
buying, hence there is no incentive for investors for short selling as selling involves
transaction cost. Under these conditions the equilibrium rate of return available for
both models is same and optimal. This way CAPM without friction translates into
CAPM with friction. This allows writing the equation (10) into net returns for any
security i as
ܧ௧ ൫ܴ,௧ାଵ െ ܥ,௧ାଵ ൯ = ܴ + ߣ௧

ݒܥ௧ ൫ܴ,௧ାଵ െ ܥ,௧ାଵ , ܴ,௧ାଵ െ ܥ,௧ାଵ ൯
ܸܽݎ௧ ൫ܴ,௧ାଵ െ ܥ,௧ାଵ ൯

,

where ߣ௧ = ܧ௧ (ܴ,௧ െ ܥ,௧ െ ܴ ) is the risk premium, the above relation can be
simplified as
ܧ௧ ൫ܴ,௧ାଵ ൯ = ܴ + ܧ௧ ൫ܥ,௧ାଵ ൯ + ߣ௧ ൫ߚ௧ + ߚଵ,௧ + ߚଶ,௧ + ߚଷ,௧ ൯ .

(14)

In equation (14) expected return on any security in addition of market beta is now
function of its expected illiquidity cost and proportional to three additional liquidity
risks. All of these additional liquidity risks link expected return that investors demand
27Admittedly the most comprehensive study is made by Vayanos and Wang (2011), they identified six
different sources of imperfection in the markets and studied how these imperfections effect illiquidity
measures and then how illiquidity affects the expected returns under unified framework.
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in equilibrium, with her marginal utility of the consumption in different states of the
28
economy .
To test the implication of the various models there are different estimation techniques
which are employed. CAPM model or other APT models, in which tradable portfolios
are used as explanatory factors, three factors Fama and French’s (1993) model is a
handy example for that. In such models a main implication is that these factor
mimicking portfolios are mean-variance efficient. To statistically test that Gibbons et al.
(1989) provided a well-known GRS F-test. This test is based on the difference between
the maximum squared Sharpe ratio of factors employed and of the squared Sharpe
ratio of ex- post tangency portfolio. If the factors are mean-variance efficient then this
difference is the minimum and alphas of all test portfolios are jointly zero. When
factors are not portfolio returns then cross-sectional and time series alpha are not the
same. In such scenario estimation methods given by Black et al. (1972) and Fama and
MacBeth (1973) are used and factor loading and factor risk premium are estimated. The
main success of any asset pricing model is that pricing errors associated with a set of
test portfolio are small.

28 The detailed explanation of these three additional liquidity risks are given in Acharya and Pedersen
(2005).
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3

SUMMARY OF THE THESIS ARTICLES

In this dissertation the implication of various factors for the pricing in the developed
markets which are small is size has been studied. The choice of such markets are four
Nordic countries and in particular Finland. In total this dissertation comprises of four
articles two of which are co-authored. The main inquisition is, that how different is the
evidence from these markets in comparison to the other developed markets and then to
trace out the likely reasons for that.
3.1.

Specification errors of the asset-pricing models for the market
characterized by large capitalization firms

The asset-pricing tests on the lines of Hodrick and Zhang (2001) are conducted for the
Finnish market. There are number of portfolios used as test assets whose return
structure is attributed to various characteristics. Thus as described in Lewellen et al.
(2010), that a stringent test in asset pricing requires that a cross-section of stocks may
not have some strong factor structure as in the case with size-BM portfolios, is
maintained in the analysis.
Conditional as well as unconditional models have been used to explain the returns
structure of the cross-section of portfolios. An important difference of the Finnish
market from the U.S is that weighting scheme for the portfolios returns have significant
bearing upon the results. Obviously it is owed to presence of considerable differences in
the capitalization of the firms. This makes necessary to control for these stylized effects
and report the analysis for the both equally and valued weighted portfolios separately.
The main results for both the condition and unconditional CAPM for the equally
weighted portfolios are summarized first.
The CAPM is unable to explain the variation for the cross-section of the test portfolios.
The addition of risk mimicking portfolios, of size and value proved to be important for
the Finnish market. The most important factor is seemingly value factor among all.
Never the less in unconditional models domain the Carhart (1997) model is the most
successful. We also used conditional CAPM for the explanation of returns. In a quest
that interacting market returns with different interesting variables containing economic
content may reduce the pricing errors. The results did not improve generally with the
many different specification of the conditional CAPM. However among them the
market illiquidity at previous level and exchange rate risk influence the conditional
CAPM pricing kernel. In nutshell for the equally weighted portfolios the Carhart (1997)
and Fama and French (1993) models effectively suppress the pricing errors.
The evidence for the value weighted portfolios as described before is different. Such
that, the market risk is an important specification of SDF for the both conditional and
unconditional models. Only the size factor for some specification does not have
significant risk premium. Among conditional CAPM, the January dummy significantly
influences the pricing kernel, this implies that for the month of January the large firms
have different return dynamics from other months. This is obvious as we did not find
January dummy significant for the equally weighted portfolios. In conditional
specification of CAPM, the illiquidity and exchange rate risk performance is appreciable
in reducing the pricing errors however, they do not influence the pricing kernel
significantly. The most consistent model for both equally and value weighted portfolios
is Carhart (1997), and only January dummy matches well in performance to it, and that
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too for value weighted portfolios. The results conclude that the unconditional models
are better in explaining the cross-sectional returns then conditional models, and the
factors which are significant for other markets are not that important for the Finnish
market. More importantly reporting of the results with only one sort of weighing
scheme of portfolios may not represent the whole asset pricing paradigm.
3.2. Liquidity and asset prices: An empirical investigation from the
Finnish stock market
In this article we analyzed the impact of illiquidity for the Finnish market, as it has
been widely reported that illiquidity is an important characteristic for the illiquid
markets 29. To, investigate this point that Finland is an illiquid market in comparison to
the U.S. We compared two different measure of illiquidity for both of the market. One
measure gauges monthly impact of traded volume upon absolute returns across the
30
31
whole markets , and second the frequency of monthly zero returns . It is evident that
on both account the Finnish market was a way too illiquid in comparison to the U.S
32
market and in term of monthly zero return much akin to emerging markets . Then to
analyze that this higher illiquidity is actually priced for the Finnish market we adjusts
CAPM for frictions in the economy. The model is similar to Acharya and Pedersen
(2005), with the difference that it is applicable for all illiquidity measures than for
transaction cost involved in selling of an asset.
The models results into three additional illiquidity related betas in addition to market
beta. We anticipate that this model is manifestation of law of one price applicable in
financial markets. That is, the observed higher returns for the illiquid stocks do not
necessary means that their prices should be set higher in equilibrium, because the
returns on illiquid assets are highly exposed to aggregate level of liquidity risk in the
market. This means that return differential between most illiquid and liquid portfolios
is not an arbitrage opportunity rather a return for which risk has to be taken. Therefore,
we constructed fifteen test portfolios, with five each using one liquidity related
characteristic and in total three characteristics are used, which are size, frequency of
zero returns and price inverse ratio. We also used other two characteristics for test
portfolios which are value and momentum but subsequent tests show that the return
structure of these strategies are not that significantly exposed to liquidity risk.
The models proved that illiquidity adjusted model is better equipped than CAPM to
explain the return patterns on the liquidity related portfolios across two different
periods. Especially a relative success of illiquidity adjustment is more pronounced
when periods with higher illiquidity are also included. The results fulfill our expectation
that for illiquid markets the compensation for illiquidity risk is more pronounced. To
elaborate upon this empirically we can compare our results with the results reported for
the U.S market. For instant, in Acharya and Pedersen (2005) of the total premium
explained the contribution of liquidity risk is 17%. On the other hand, in our study 92%
In the survey of Chuhan (1992) illiquidity has been reported as an impediment for foreign institutional
investors to invest in emerging market(illiquid markets), then Bekaert et al. (2007) also motivated their
research for nineteen emerging markets around this observation.
30 This measure is proposed in Amihud (2002) and it is higher for illiquid stocks and markets.
31 This measure if proposed by Lesmond et al. (1999) and it is higher for illiquid stocks and markets.
32 For comparable evidence on the illiquidity measures, for the U.S market the Amihud (2002), and
Lesmond et al. (1999) measures are taken from Goyenko et al. (2009) and for the nineteen emerging
markets results are taken from Lesmond et al. (1999).
29
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of total premium is explained by illiquidity risk, when periods with high illiquidity are
included. Overall, for whole sample the illiquidity risks in the Finnish market still
explain 60% of the total risk premium. This is one illustration of the importance of
illiquidity risk for the illiquid markets.
Further importance of illiquidity is manifested through both of the illiquidity measures
which are intrinsically different in a way they cater a concept of illiquidity. Never the
less, the differences in illiquidity measure transact through significance of the different
illiquidity related betas. However, in nutshell overall impact is well captured, hence one
may argue that in Acharya and Pedersen (2005) the high significance of their model
implied new beta is dependent upon a measure of illiquidity used and it may not be
significant if some other measure of liquidity is implied.
3.3. A comparison among various dimensions of liquidity effect: A case
study of Finland
In this article we analyzed the role of liquidity for the Finnish market in much detail
and then compare it other important models in asset pricing. One can summarize, that
the effect of illiquidity has been discussed at two level, first as an asset based
characteristics and secondly its systematic dimension 33 has been elaborated upon
extensively. In total, three illiquidity related risks that are the part of systematic risk
have been indicated. Traditionally, a flight to liquidity factor has been explored more,
which is a risk of sudden decrease in the market liquidity. This allows distinguishing
between the return patterns of the illiquid from the liquid portfolios. The former
portfolios returns pattern are more exposed to sudden decrease in the market liquidity,
as their returns depressed the most, for later portfolio they are hedged well against
these changing market conditions. So in equilibrium investors demand liquid assets
more than illiquid assets and then set higher prices for them even though their overall
returns are lower than illiquid assets. Secondly illiquidity risk is attributed to
commonality in liquidity 34, as elaborated in Acharya and Pedersen (2005) that
portfolios which commove more with market illiquidity, that is, becomes illiquid when
market is illiquid therefore, hard to trade are the riskier assets. Similarly in the same
study the last illiquidity risk is because of covariance between assets transaction cost
with market returns. So if market returns are depressed and stocks become less illiquid,
that is, easy to transact then such assets are high in demand and thus less risker.
In this article unlike previous one, the cross-section of fifteen illiquidity related
portfolios is explained by each illiquidity risk individually, without imposing equality
constraint on the risk premium. Using Lesmond et al. (1999) measure of illiquidity,
results show that, unexpected rise and fall in market zero returns is significantly related
with the set of portfolio returns used in this paper. That is, the flight to liquidity effect is
the most pronounced for the Finnish market. Although all other illiquidity related risks
increase monotonically in relation to portfolios illiquidity over time. Though these
estimated betas do not match well with the cross-section of returns to reduce pricing
errors. Once the most significant liquidity risk is identified among the group of
Illiquidity as an asset related characteristic is discussed in Amihud and Mendelson (1986) and for
systematic dimension of it, the influential studies are of Pastor and Stambaugh (2003), Lesmond et al.
(2004) and Sadka R., (2006) among many.

33

Evidence of commonality in liquidity is first provided by Chordia et al. (2000) for the stocks within the
U.S. market, across country evidence is provided by Karolyi et al. (2007) and others.

34
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illiquidity related candidates, the next question tackled in this article is that how well its
performance matches with other pricing factors. To do that we use market, size and
value factors, first individually and then combined them as Fama and French’s (1993)
three factors model and Carhart’s (1996) four factor model, for the later model we also
use momentum factor.
We find that all factors in their individual capacity fail to explain returns in any
meaningful way. However in combination as a Fama and French (1993) and Carhart
(1996) models provide a nicer empirical fit. This is owed to diametrically opposite
factor loading associated with these factors, for instant market factor assigns higher
loading to liquid assets and lower to illiquid assets. The size and value factor do the
opposite and then in conjunction they price asset accurately. Never the less the
illiquidity factor is single capacity explains the different patterns of the returns as
appropriately as three or four factors model do. Lastly only with the illiquidity factor
that the asset pricing restrictions are fulfilled in line with suggestion made in Lewellen
et al. (2010).
3.4. An impact of illiquidity risk for the cross-section of Nordic markets
In this article we use four Nordic markets for a test case of importance of liquidity risk
for the illiquid markets. One requisite for combining four different markets is that they
share same illiquidity related attributes. We find that there is lot of commonality in
liquidity phenomenon among these markets which is reinforced by different measures
of illiquidity estimated in this paper. The advantage of doing illiquidity related studies
for Nordic markets is that it provided us with the larger cross-section which in the case
of standalone market is not available 35. In this article we estimated number of
illiquidity measure which have been proposed in the literature and in addition also
proposed a slight new version of Lesmond et al. (1999) measure. We take the monthly
average across all the stocks in Nordic markets of those days for which the events of
zero return in local equity markets and of no change in $/local exchange rate occurred
simultaneously. One advantage of estimating illiquidity this way is that it naturally
accounts for the non-trading intervals and speed to trade. The reported results indicate
that estimating illiquidity keeps the hallmarks of proxy illiquidity measure intact and
more so, give the largest return differential between most illiquid and liquid portfolios.
Further using the same illiquidity measure we also proposed a factor-mimicking
portfolio on the lines of Fama and French (1993) factors, which is also independent of
the size factor.
We further report that all commonly proposed measures of illiquidity do not constitute
an interesting characteristic as they are not linked with the returns 36. Therefore,
overall level of illiquidity risk in the Nordic region is estimated by the proposed
measure of illiquidity in this article and through Lesmond at al. (1999) which is the
second best measure. We find that for the illiquidity related portfolios the illiquidity
factor alone is sufficient factor to explain all the return dynamics. However for
momentum related portfolios the liquidity factor in conjunction with market factor
35There

are many studies that combine the stocks of different markets for making asset pricing tests more
meaningful, for instant Bekaert et al. (2007) pooled the stocks for nineteen emerging markets, similarly
Griffin et al. (2010) estimated transaction cost of number of emerging markets.
36 It is elaborated in Cochrane (2005), chap.20 that a reasonable starting point for any asset pricing test is
to have a financial characteristic, which is linked the expected returns.
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reduces the pricing errors to be insignificant. In nutshell, market illiquidity at previous
lag and factor-mimicking illiquidity portfolio are the explanatory factors for the crosssection of Nordic markets, however unexpected changes in market illiquidity are not
that priced. This is of course not the case with findings for the other markets especially
for the U.S market. To investigate this point further we find that when returns on
various portfolios are seen within the regimes segregated with unexpected rise and fall
in monthly zero returns, then returns do depress the most when market becomes
unexpectedly illiquid. However, for model success purpose this effect is not that
pronounce.
3.5. Precise summary of essays
In summary this dissertation is a comprehensive attempt to rationalize the expected
returns on the smaller developed markets. In this pursuit a number of asset pricing
models have been tested and results vary when compared with other markets. The
capitalization of few firms differ so, greatly that significance and size of many risk
factors changes once equally or value weighted portfolios returns are used, however
never the less Carhart (1997) is by far the best performing models for both equally and
value weighted portfolios. Once CAPM is conditioned with January dummy then it
becomes significant for value weighted portfolios, whereas conditioned with illiquidity
factor returns are better explained for equally weighted portfolios. Next articles then
summarize the effect of illiquidity for the Finnish market and for Nordic region as
general. The proposition that illiquidity matters for illiquid markets is fulfilled
sufficiently. In one article we find that of the total return differential between the most
illiquid and liquid explained, the liquidity risk explains to an extent of 92%, whereas,
for the U.S market a relative explanation is 17%. Further not only illiquidity factor
explains above CAPM model, there is ample evidence that the single, the most
successful illiquidity factor, have same explanation capacity which one may attribute to
other three or four factor models of Fama and French (1993) and Carhart (1997). Last
but not the least illiquidity is important for the whole Nordic region, however this
evidence is not revealed with commonly proposed measure of the illiquidity. But once a
proposed measure of illiquidity take into account the non-trading intervals and speed
to trade then we find the liquidity risk is linked with expected returns in the Nordic
region.
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Abstract
The evaluation for the specification errors of asset-pricing models is conducted using
numerous characteristic portfolios for the Finnish stock market. The selection of the
market is motivated by the atypical setting wherein few firms dominate the total market
capitalization and small numbers of stocks are listed. We report diverging risk-returns
trade-offs for the average tendencies of the stocks and for the actual growth in the
invested stocks. The results show that poor cross-sectional ability of the unconditional
CAPM could be improved if the parameters of the stochastic discount factor (SDF) are
allowed to vary through time. Nonetheless, the Carhart (1997) model SDF produces the
lowest Hansen-Jagannathan (1997) distance across all the tested specifications. The
Fama-French (1993) model augmented with macro variables and January-scaled
CAPM produces performances matching the Carhart model with equal and capitalized
weighted portfolios, respectively.
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1

INTRODUCTION

The inability of the capital asset-pricing model (CAPM) to explain the return spreads on
the size and book-to-market ratio sorted (size-BM) portfolios (Fama and French, 1992)
is well documented. Arguably, this failure has led to the development of new models to
explain anomalous patterns in the stock returns. This quest could be divided in two
distinct dominions. The first type of model is motivated by theoretical considerations;
the CAPM is augmented with risk factors for the market index’s inability to represent
overall wealth in the economy, which is Roll's critique (1977). These choices borrow
heavily from macroeconomics and business cycle theory, innovations in assorted state
variables, and liquidity risks (Jagannathan & Wang, 1996; Lettau & Ludvigson, 2001;
Acharya & Pederson, 2005). The second line of advancement rests primarily on
numerous patterns in the stock returns, such as size, value (BM), and momentum
effects (Fama & French, 1993; Jegadeesh &Titman, 1993), commonly referred to as
stock return anomalies. Overall, the proposed models are reported to explain the crosssectional variations in the size-BM portfolios pretty well.
One consequence of the advancement in financial modeling is the claim that numerous
models can explain the return variations in the benchmark size-BM portfolios. The
flurry of models naturally invites an analysis of the relative merit of one model in
comparison to the others. Hodrick and Zhang (2001) were the first to evaluate
numerous so-called “interesting” models using the 5 × 5 size-BM benchmark portfolios.
Similar studies ranking model performances with the Hansen and Jagannathan (1997,
HJ-distance) distance metric include Durack et al. (2004), Fletcher and Kihanda
(2005), and Schrimpf et al. (2007) for the Australian, the U.K., and the German stock
markets, respectively.
The success of numerous models in explaining returns on the size-BM sorted portfolios
has led to additional checks on the performance of the proposed models and the
employed performance metrics. Lewellen et al. (2010) showed that fascinating results
can be reported in terms of high cross-sectional OLS ܴ ଶ. Their study proposes to break
the strong factor structure of the size-BM portfolios while adding different
characteristic portfolios to the cross-section of test assets among other methodological
assessments.
How the standardized international evidence is attributed to other capital markets is an
interesting topic in its own right. In this study, we report the specification errors of
APM for a market with atypical market settings, such as the Finnish stock market. The
peculiar attributes of the market include the small number of listed stocks and the
domination of a few firms in the total market capitalization. 1 The 10 largest firms
comprise more than 80 percent of the total market capitalization; of them, Nokia alone
contributed approximately 50 percent in the sample. We argue that the specification
errors testing for markets like Finland may hamper the inference to have market wide
significance with the usual VW portfolio testing. 2 Concurring with only one type of test
portfolios could produce misleading evidence regarding which model/risk consistently
The number of stocks available for data construction only rise to 50 in the year 1996 if we ignore the
delisted stocks from the analysis. The number of stocks increases to 137 in the 2008 for the studied sample.
Our study did not include the dead stocks; therefore, the estimations in the study may suffer from
survivorship bias.
2 The Hang Seng Index for Hong Kong, NZSE40 of New Zealand, and The Netherland’s CBS are other
notable candidates that suffer from this abnormality.
1
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explains the return variability to proxy aggregate risk premium across all the
stocks/portfolios in the market, given the non-normal market structure.
Generally, the empirical evidence for the U.S. and other developed markets has no
particular departure for using alternating weighting schemes in the construction of test
portfolios. The non-effect occurs because no single stock or small number of firms
dominates market capitalization to influence model beta risks and subsequent risk
premiums. For similar capital markets, we expect that small number of firms may
dominate (or limit) the overall yields on the constructed test portfolios as well as the
overall orientation of the specification testing. Henceforth, this study carries out the
analysis to control for the peculiar market settings and compare the specification errors
of the asset-pricing models (APM) using both equally weighted (EW) and value
weighted (VW) test portfolios.
The comparison between the unconditional models (such as CAPM, Fama and French
(1993) three factor model (FF3), and Carhart (1997)) and the conditional CAPM
specifications is carried to extend the relevant literature. The evidence from a marketlike Finland will help understand the risk and return trade-offs for both small and large
capitalization firms in the economy and possible divergences in the significance of
important risks. The evidence will also have implications for similar financial markets.
The study not only contributes to the relevant literature from a market with
idiosyncratic characteristics but also supplements the Finnish asset-pricing literature. 3
The conditional specifications are similar to Schrimpf et al. (2007). However, to
account for the Lewellen et al. (2010) critique and for the statistical power of the tests,
we construct size-momentum (MOM, 6) and industry (8) portfolios, along with sizeBM (6). The estimations are carried for the period from 1994:07 to 2009:05 using
monthly stock returns on 21 test portfolios.4 We employ the stochastic discount factorgeneralized method of moments (SDF-GMM) procedure to allow for time variation in
the SDF factors. The method also provides a performance metric (HJ-distance) using
model independent weighting matrix. The corresponding risk premia for bearing factor
risks are estimated with the Fama and MacBeth (1973, henceforth FM) regressions. We
rely on the conventional risk mimicking factors in the literature such as size and value
risks proxies of Fama and French (1993) and momentum factor of Carhart (1993). The
instruments for scaled-CAPM specifications are selected given earlier literature on
Finnish stocks and their ability in capturing business cycle variations. Given the
evidence for the time variation in expected return over time, we allow the CAPM
specification to have time varying prices of risks. We make use of the observation in
Cochrane (1996) that conditioning of factor prices of risks is equivalent to scaling the
3 The estimations of Fama and French’s (1993) three-factor model and the Carhart (1997) model in this
study are the first attempts to carry the parametric testing using Finnish stocks. Vaihekoski (2007) was the
only notable study that estimated the conditional risk premia in GMM framework for liquidity risk, but
with only six size portfolios. Therefore, his work does not account for the size, value, or momentum related
risk factors. Similarly, Pätäri et al. (2010) constructed value portfolios based on data envelopment analysis
but without any parametric testing. Therefore, this study has a far larger scope than the reported studies
in the Finnish asset-pricing literature. The evidence will show whether the size, value, and momentum
effects are present for the Finnish stocks similar to the international evidence, besides the main
specification testing of the APM. Otherwise, the asset-pricing literature for the Finnish stock market is
extant and generally focuses on the time variation of market beta and pricing of Finnish stocks in
international settings using different risk settings (Berglund & Knif, 1999; Vaihekoski, 2000, 2009; Antell
& Vaihekoski, 2007; Virk, 2012).
4 We included the proxy for risk rate for the tractability of the SDF mean, following Hodrick and Zhang
(2001) and Schrimpf et al. (2007).
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factors, also exploited by Hodrick and Zhang (2001) and Schrimpf et al. (2007). If
prices of risks fluctuate over the business cycle, we can capture this effect by using
variables that are associated with business cycles.
Overall, the specification errors of APM models show that unconditional CAPM is
unable to explain the variations in EW and VW portfolio returns. The results display
discernible patterns in the evaluation of risks for EW and VW portfolios to influence
the model SDFs. The SMB and HML are important risks capturing variations in the
EW expected returns. However, market factor among other model risks dominate VW
return variations. The inference is further strengthened from the conditional CAPM
estimations. None of the employed (conditional) factors could influence the pricing
kernel for the EW test portfolios. The estimations for the VW portfolios show that the
January dummy is the only factor to influence SDF, which is also compensated with a
significant risk price.
The results display considerable improvement in suppressing pricing errors by the
conditional CAPM specifications if the parameters of the SDF are allowed to vary
through time. The illiquidity-scaled CAPM reduces mispricing for both types of
weighted portfolios relative to the pricing errors from the other conditional CAPM
specifications, whereas the exchange rate scaled CAPM suppresses specification
mispricing only second to the best APM for the VW portfolios. Additionally, the Carhart
model has the lowest HJ-distance for both EW and VW test portfolios among all the
tested models. The HJ-distance estimates for the Fama and French (1993) model
augmented with macro risks and the January-scaled CAPM match the best model
performance for the average tendency of firms (EW) and for the actual growth in the
capitalization of stocks (VW) respectively. We conclude that unconditional models
reduce the cross-sectional mispricing better than the conditional CAPM specifications.
Generally, the parameter instability null is rejected for the tested specifications. The
reported evidence survives a number of robustness tests for the significance of the
model SDFs in capturing the time series variability and cross-sectional patterns across
the test portfolios.
The paper is organized as follows. Section 2 delineates the conditional specifications of
the SDF-GMM estimations, specification tests, and FM price of risk estimations. The
construction of data and risk factors is explained in section 3. The discussion of the
results and the subsequent robustness checks is provided in section 4. Section 5
concludes the study.
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2

METHODS AND SPECIFICATION TESTING

2.1.

Conditional SDF model

All the models can conveniently be circumvented in the stochastic discount factor
representation under different underlying assumptions. The basic pricing equation,
which only requires the simplistic assumption of the absence of arbitrage, states:
ܧ௧ ൣܯ௧ାଵ ܴ,௧ାଵ หܫ௧ ൧ = 1.

(1)

The relation in equation (1) holds for all assets ݅ (݅ = 1, … , ܰ) in the economy, where
ܴ,௧ାଵ is the nominal return on asset ݅ and ܯ௧ାଵ is the SDF pricing all risky payoffs.
ܧ௧ [. |ܫ௧ ] represents the expectation conditional on the filtration [|ܫ௧ ] exhausting the
available information at time t. The existence of risk free rate ݎ and the subsequent use
of excess returns transforms equation 1 to ࡱ࢚ [ࡹ࢚ା ࡾࢋ,࢚ା ] = . The general pursuance is
to look for (proxy) risk factors significantly influencing variations in the investors’
marginal utility and reducing cross-sectional mispricing. Therefore, assuming a linear
functional form for the SDF:
෩௧ାଵ = ܽ௧ + ܾ௧ᇱ ݂௧ାଵ.
ܯ

(2)

෩௧ାଵ portrays the fact that we only observe empirical proxies ܯ௧ାଵ for the true pricing
ܯ
kernels. Equation (2) represents a conditional linear factor model such that ܽ௧ is the
time varying level of the SDF and ܾ௧ are the time varying sensitivities of the pricing
factor. The estimation of the conditional model is possible only when the time varying
SDF parameters in equation (2) are assumed to be constant. Cochrane (1996) and
Hodrick and Zhang (2001) estimated conditional factor models using lagged linear
instruments:
෩௧ାଵ = (ܽ + ܾ ᇱ ݂௧ାଵ ) ٔ (1 ݖ௧ ) = ܽଵ + ܽଶ ݖ௧ + ܾଵ ݂௧ାଵ + ܾଶ (݂௧ାଵ ݖ௧ ).
ܯ

(3)

The estimations of the conditional specifications include parameters for scaled
variables and interaction terms with the pricing factors. The estimated model is the
unconditional implication of the conditional model such that time varying parameters
of the conditional SDF are approximated unconditionally. Substituting equation (3) in
equation (1), the unconditional moment condition using the law of iterated
expectations is:
ܽ([ܧଵ + ܽଶ ݖ௧ + ܾଵᇱ ݂௧ାଵ + ܾଶᇱ (݂௧ାଵ ݖ௧ ))ܴ,௧ାଵ ] = 1.

(4)

Equation (4) across the cross-section of test assets can be used to get the SDF factor
sensitivities. The parameters for the model could effectively be tested, whether or not
factor ‘j’ significantly influences the pricing kernel.5 Furthermore, factor risk prices
may also be computed from the estimated factor sensitivities. To assess whether ‘jth’
factor influences expected returns, we should also determine if corresponding ߣ is also
different from zero.
5 Rearranging equation (4) gives the unconditional beta representation, in terms of multivariate betas and
prices of risks, of the scaled multifactor model: ܧ൫ܴ,௧ାଵ ൯ = ܴ(ܧ,௧ ) + ߚࣅ. In the unconditional
representation ܴ(ܧ,௧ ) is the expected zero beta rate, ߚ = ݂(ݒܥ௧ାଵ , ݂௧ାଵ )ିଵ ݒܥ൫݂௧ାଵ , ܴ,௧ାଵ ൯ and ߣ௧ =
െܴ,௧ ݂(ݒܥ௧ାଵ ݂௧ାଵ )Ԣܾ. All of the parameters can be calculated once the factor sensitivities (ܾ) are estimated
from the SDF-GMM regressions.
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SDF-GMM estimations
This section focuses on the estimation of kernel-based model moments with GMM
(SDF-GMM) as implied by equation (4) and the subsequent specification testing. In the
standard two step GMM procedure the coefficient vector, ߠ = [ܽଵ ܽଶ ܾଵ ܾଶ ], is estimated
such that the quadratic objective function
݊݅݉݃ݎܽ = ்ܬఏ ்݃ (ߠ)Ԣ்ܹ݃ (ߠ)

(5)

is minimized, where ࢃ = ࡿି is  ܮ × ܮasymptotically optimal weighting matrix with ܮ
# of imposed model moments and whereas ࢍࢀ (ࣂ) is the vector of sample pricing errors.
Hansen (1982) showed that when optimal weighting matrix is used, the test on the
ଶ
with ܶ equaling sample observations.
over-identifying restrictions is ܶ × ߯~ ்ܬି
The over identification tests are statistically robust; however, we may not be able to
identify model misspecification (Newey, 1985). Additionally, the use of modeldependent weighting matrices, such as the inverse of variance covariance of model
sampling error (ࡿି ), varies across the competing models and may weigh sample
moments differently. Therefore, Hansens’ (1982) over identification test cannot be used
to compare models. However, the constancy may be established by the Hansen and
Jagannathan (1997) weighting matrix (HJ-matrix) ࡱ[ࡾࡾᇱ ]ି , which is the inverse of the
second moment of the test assets. The methodology replaces the asymptotically optimal
matrix with the HJ-matrix. The subsequent approximation of the objective function
provides squared distance of the empirical SDF from the set of admissible region
discount factors. The square root of the squared value is famously known as the HJdistance, ߜு :
ߜு = [ܽ݊݅݉݃ݎ ்݃ (ߠ)Ԣܴ[ܧԢܴ]ିଵ ்݃ (ߠ)]ଵ/ଶ .

(6)

The ߜு provides a direct comparison between the competing models. The specification
test may be enveloped in different interesting model comparison interpretations (for
details, see Hodrick & Zhang, 2001). However, we report the modified ߜு as proposed
by Kan and Robotti (2008). 6 Their study shows that specifying SDF, as we have in
equation (2), is problematic for comparing misspecification of different APM with the
HJ-distance and instead proposes SDF normalization for which modified ߜு is
invariant to affine transformations of the SDF factors. The modified HJ-distance
replaces the inverse of the second moment of test assets with the inverse of the
variance-covariance matrix of test assets to yield an equivalent interpretation as a
misspecification measure. The normalized SDF representation is such that
6 Kan and Robotti (2008) highlighted that the specification measure, while using excess returns, could be a
function of specified SDF mean and is not invariant to affine transformations of factors. They proposed a
modified HJ-distance measure for which SDF is a normalized linear function of demeaned factors with
unit mean. However, the SDF-GMM representations are also tested using identity matrix and the
conventional HJ-matrix (results are available upon request). The use of different model independent
weighting matrices has no effect on the reported model ranking with Kan and Robotti (2008) suggested
SDF normalization using excess returns. Hodrick and Zhang (2001) noted in this regards that the use of
identity matrix produces small distances that may appease the eyes but are affected by large sampling
errors for model parameters. The HJ-distance measure not affected from the affine transformations of the
factors is the one that uses the continuous-updating estimator of Hansen et al. (1996). The HJ-distance
using continuous updating estimator reports similar estimates as we have with Kan and Robotti (2008)
SDF transformation but preferred to report the modified specification measure for robustness.
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ܯ௧ାଵ = 1 + ܾ௧ᇱ [݂௧ାଵ െ ݂(ܧ௧ାଵ )].

(7)

Kan and Robotti (2008) described the normalized SDF with demeaned factors in
equation (8) as preferable among other normalizations of SDF for limiting the modelbased SDFs to have comparably equal means. The distribution for the HJ-distance
statistic, to test the null hypothesis of ߜு = 0, is constructed with the Jagannathan and
Wang (1996) method and is simulated 100,000 times. The finite sample properties of
the test statistic in small samples could be unstable (see Kan & Zhou, 2002; Ahn &
Gadarowski, 2004). Therefore, we use the static distance measure to rank model
performances and do not emphasize the correctness of the specification as implied by
the simulated null values. We also report Hansen’s (1982) over identification test to see
how well the imposed model conditions fit with the data.
Moreover, we employ the Andrews (1993) supLM test to account for parameter
instability in the tested model specifications. The proposed test checks for structural
shifts in the model parameters, which is powerful against the alternative of a single
structural break in the model parameters when the change point is unknown. The
supLM statistic is evaluated at 5 percent confidence value using the partial sample
between 15 percent and 85 percent of the full sample. The critical values for the test are
given in Andrews (1993) Table 1.
2.2. Fama and MacBeth (1973) regressions
The price of risk is estimated with the FM method, whereas Hodrick and Zhang (2001)
and Schrimpf at al. (2007) reported the risk premia implied by the SDF-GMM based
factor sensitivities. 7 The first stage of the FM procedure regresses portfolio ݅ returns
onto a set of factors and a constant. 8 The estimated beta risks from the time series
regressions are then subsequently used in the second stage cross-sectional setting. The
second step runs a cross-sectional regression of all the portfolio returns, each month in
the sample, using the time series factor loadings such that
ܴ,௧ାଵ = ߣ + ߚᇱ ࣅ࢚ + ݁௧ାଵ , ݅ = 1, … , ܰ ݅ .

(8)

The t-values for the risk premiums ߣ௧ suffer from errors in the variable (EIV) problem
for using generated regressors in the second stage regressions. The conventional FM
method does not correct for generated regressors problem, however the computed
Shanken (1992) correction factors are not large enough (available upon request). We

7 The price of risk estimates ࣅ are assuming linearity for the scaled model parameters and restrictive
assumption for the conditional variance-covariance matrix of the factors is constant over time. Because of
the sub optimality and small sample properties of the HJ-matrix in the GMM estimations (Ahn &
Gadarowski, 2004), we estimate the unconditional prices of risk (also) with FM method. The SDF-GMM
factor sensitivities based unconditional factor prices of risks and FM based cross-sectional estimate more
often converge to each other. The FM standard errors based t-ratios are conservative than the computable
t-ratios for the SDF-GMM based estimates for factor risk prices (results are available upon request). We
report the FM based factor prices of risks. As the method provide us reporting of a cross-sectional
counterpart of the Gibbons, Ross, Shanken (1989) based test: if all the pricing errors across assets are
jointly zero (Cochrane, 2005 page 247).
8 We, following Lettau and Ludvigson (2001) and Nyberg and Wilhelmssen (2010), use constant first stage
betas rather than the rolling betas for a sample of 178 time series observations. The adjustment takes into
account the small time series observation relative to its cross-sectional counterpart and poor estimation of
all the weighting matrices for small samples as encountered in this study (for detailed discussion and
references, see Lettau and Ludvigson, 2001).
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report the conventional FM method t-statistics for the testing if the factor prices of
risks are different from zero.

37

3

DATA

The availability of small numbers of listed stocks in the Finnish stock market
substantially reduces the dimension of the test asset matrix compared to the common
practice of 5 × 5 size-BM test portfolios or even a reduced 4 × 4 matrix as is used in
Schrimpf et al. (2007) for the German stocks. Additionally, (small) equity markets like
Finland’s also suffer from issues such as multiple share classes and thin trading (for
details, see Vaihekoski, 2004). The mentioned limitations restrict this study to
construct only six size-BM portfolios, which are also used for the construction of
mimicking risk factors, such as SMB and HML.
However, taking only six size-BM portfolios would have limited meaningful crosssectional dispersion in the test portfolio means and factor loadings (Carhart et al.,
1997). Additionally, the estimations would have been low on statistical power.
Therefore, our study includes additional portfolios to expand the cross-sectional size of
the test portfolios. The other characteristic test assets are six size-MOM portfolios and
eight industry portfolios. The larger cross-section tests the real success of an APM
(Lewellen et al., 2010). The construction of size-BM, size-MOM, and industry portfolios
considers the issues highlighted in Vaihekoski (2004) for small markets like Finland. 9
However, to maintain the standardization of the analysis with the international
evidence, we prefer the yearly sorting. 10
3.1.

Construction of test assets

All the data is downloaded from DATASTREAM unless stated otherwise. The
construction of the size-BM, size-MOM, and industry portfolios is preceded with the
retrieval of end of month prices, number of outstanding shares, and end of the year
balance sheets for the period December 1990 through May 2009. 11 Banks, insurance
companies, and other financial firms are excluded from our primary dataset for the
construction of BM partitions in the data. 12
The non-availability of the accounting information for the available stocks in the pre1989 period limits the starting period. The numbers of stocks available for portfolio
construction remain depleted until 1989–1993 such that we have only 16–23 stocks
available with accounting information to construct the six double-sort-size BM
portfolios. The limited number of available stocks will limit the purposefulness of
We selected a representative series for the stocks that have more than one listing on the stock market.
The selection criteria emphasized primarily the longevity of the series and the monthly share class specific
liquidity, that is, the sensitivity of price changes with respect to the euro volume traded as proposed by
Amihud (2002). The imposed restrictions factually reduce our data set from 136 firms to 111 towards the
end of sample period. With the established criteria from 1996, the number of available stocks is greater
than 50.
10 The momentum portfolios are monthly sorted with the previous 2–12 month average of stock returns,
while excluding the most recent month from rolling average as an standard practices in momentum
literature, the only exception in the study against the yearly sorting of test assets. The momentum
partitions of the stocks with 2–12 month rolling averages in period ‘t’ are generated in month ‘t+1’ from the
available universe of stocks.
11 The price series is adjusted for stock dividends, stock splits, and other cash payouts.
12 They are excluded because of increased leverage and dependence upon special accounting measures as a
standard practice in the literature. The firms that report negative BM ratios for a particular year are also
not ranked in the subsequent year norm, established since Fama and French (1992, 1993) respectively.
9
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portfolio construction such that the sorted portfolios during the period consist only of
an asset or otherwise the maximum number of stocks per portfolio is four. 13 The
thinness of portfolios urged this study to start the estimation period in July 1994 such
that the characteristic portfolios maintain a minimum requirement of five stocks per
portfolio, with the exception of the forestry sector.
The process of portfolio construction is begun with the calculation of market
capitalizations and BM ratios for all the stocks. 14 Available stocks for the portfolio
construction are divided into two size groups with respect to the end of month (June)
market capitalizations. The small size group includes the firms that have market
capitalization below the median capitalization break point, and the big group includes
the firms with firm sizes above the median break point in that year. The three BM
partitions for all the legitimate stocks are generated with the corresponding BM
estimates. 15
The generated percentiles include the bottom 30 percent (L, growth), middle 40
percent (M), and top 30 percent (H, value) of the BM stock returns from July in the
current year until June in the following year. The partitions for size and BM for the
whole sample period are rebalanced each year at the end of June. The independent
intersection of two size quartiles with growth, middle, and value BM percentiles
produces six portfolios: SL, SM, SH, BL, BM, and BH respectively. For example, SL
represents the stocks belonging to the small size group that also resides in the low BM
percentile; BM represents the group of stocks that are in the big size category and the
middle 40th percentile of BM partition.
The construction of size-MOM portfolios is followed likewise but with monthly
momentum rebalancing based upon previous 2–12 month rolling average returns. The
stocks with relative performances are ranked in bottom 30 percent (L, loser), middle 40
percent (N, neutral) and top 30 percent (W, winner) percentiles. The independent
intersection of the two size quartiles with the MOM percentiles produces six size-MOM
portfolios: SLM, SN, SW, BLM, BN, and BW. The letter ‘M’ differentiates the size-MOM
portfolios from the size-BM portfolios.
The industry portfolios are ranked on a yearly basis with the categorization available
from Talouselama that places a company in a specific industry if it generated 60
percent or more of its net sales in a particular business. This report is available in May
each year. However, as noted in Vaihekoski (2004), no industry specific codes are
available for Finnish firms; thus the construction of industry portfolios is subjective.
Moreover, the test portfolios are constructed with both EW and VW weighting schemes.
The low number of stocks in the Finnish market is pertinent issue for construction of
characteristic portfolios. Earlier evidence for Finnish stocks has reported crosssectional regressions with 6 size and/or 7 industry portfolios (Vaihekoski, 2004 and
The small number of the stocks in portfolios increases the riskiness of the investment, which is a stock
specific characteristic to exhibit large fluctuations around the mean value.
14 The market capitalization is the product of the number of outstanding shares with the end of month
stock price for June each year; similarly BM ratios are the estimates from dividing the book value of the
stock by its market price at the end of December. The book values for the stocks are the total reported
assets plus deferred taxes (if reported), subtracting total intangible assets, total debt, and preferred stocks,
taken from the reported fiscal yearend balance sheets.
15 The fiscal year in Finland ends in December but all the reports are available at later dates. In order to
avoid forward looking bias, like Fama and French (1992, 1993), we also start the ranking of portfolios in
the month June. This practice reduces the sample period by six months but maintains the standard
construction practice as is generally adopted in asset-pricing literature.
13
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Vaihekoski 2009). To have meaningful characteristics portfolios such that diversifiable
risk could be reduced or eliminated is the requirement of (most of) rational models.
Nonetheless, US retail investor hold under diversified portfolios (Goetzmann and
Kumar, 2008).
Ilmanen and Keloharju (1999) report Finnish representative investor hold poorly
diversified portfolios and on average have only two stocks. Few industry portfolios in
Vaihekoski (2004) have one (Food) and two (Housing & Constructions) stocks in the
constructed Finnish industry portfolios. Given historical precedence in the Finnish
asset pricing literature and poor diversification of Finnish investors, the portfolios in
this study, theoretically, are under diversified for limited availability of stocks in the
market otherwise reflect reality. The motivation to extend international evidence for
anomalous risks leads us to compromise on the thinness of constructed characteristic
portfolios. Nonetheless, these under-diversified portfolios are cost effective for having
fewer stocks. Furthermore, estimations in section 4 show there is no linear dependence
in the test portfolios. Following Lewellen et al. (2010) criticism, the tests in this study
pass much stringent test and explain the cross-sectional variations in expected returns
which might not have a particular covariance structure in the spanning of factor risks.
3.2. Risk factors
This study uses an EW market index as the representative market proxy to adjust for
the Nokia effect. 16 The EW market portfolio is constructed from all the listed stocks on
the Finnish stock market. The monthly EURIBOR rate is used as a proxy for risk free
rate and is extended with the monthly HELIBOR rates for the period prior to January
1999.
The risk factors SMB, HML, and WML are constructed from the 2 × 3 base portfolios,
that is, size-BM and size-MOM portfolios respectively. The SMB risk factor is generated
from the average of the small stock portfolios (SL, SM, SH) minus the average big stock
portfolios (BL, BM, BH) each month. The value-growth factor return, HML, is the
difference of the average of the two value portfolios (SH, BH) and the average of the
two growth portfolios (SL, BL); HML is calculated each month. The WML factor is the
difference between the averages of two winner/relative strength portfolios (SW, BW)
and the two loser portfolios (SLM, BLM), also calculated each month. We also augment
Fama and French (1993) three factor model with term structure of interest rate and
exchange rate variations as risk factors.
The selection of these variables is motivated for their ability to explain the variations in
expected returns for the Finnish stocks (Antell & Vaihekoski, Virk, 2012). Ferson and
Harvey (1991) study a number of proxies for the economic risks that influence expected
returns for which earlier studies report nonzero average price of respective (beta) risk.
This guideline is also followed here in searching relevant risk factors for Finnish stocks
prevalent in both domestic and international asset pricing literature. Furthermore, we
include factor risks that manifest aggregate risks that are non-diversifiable. Of course,
the tests in the study are not to manifest that the proxies for risks uniquely capture
underlying economic risks that affect discount rate variations. These factors if proxy the
latent variables that drive expected returns should reflect the tendency of assets to do
Therefore, non-adjustments for the large capitalization stocks in the constructed portfolios could
potentially dominate the size of the SDF factor sensitivities and beta risk for a particular portfolio (see Lally
& Swidler, 2008).
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badly in bad times that is, capture inherent risk, influence model pricing kernel and are
priced across assets.
3.3. Conditioning variables
Investors set prices presumably based on some information besides preferences that
how the investment payoff is set under different states of world. We would like to have
a cleaner measure for the information used by the investors in setting prices. Factually
we do not observe the information set of the investors. Therefore we use instrumental
variables which summarize the state of the world when they made their allocation
decisions. Numerous conditioning variables, following Schrimpf et al. (2007), are
searched to draw comparisons among unconditional models and conditional versions
of CAPM for the Finnish market. The restrictions imposed on the selection of
instruments used are that they have the ability to proxy business cycle variations so
that the scaled CAPM specification could be supported in capturing time varying risk
premium. Second, these variables should be available in the (prior) time  ݐinformation
set. We employ six instruments to capture investors’ expectations for future asset
returns. Generally, the selection of conditioning variables, except for market illiquidity
and currency fluctuations, depends on the return predictability literature. The
aggregate market illiquidity is estimated by the Amihud (2002) measure. 17
Moreover, the set of conditioning variables include term structure spread (TS) as the
difference of the 10-year Finnish government bond and monthly interbank rate proxy
for risk free rate. The choice of EXR to scale the CAPM is motivated to study if the
representative investor in the CAPM economy set prices while hedging for exchange
rate fluctuations. The remaining conditioning variables are a January dummy and a
log-linearized market dividend yield (DY) and price to earnings ratio (PER). 18 Ferson
and Harvey (1991) show that average market risk premium in the month of January is
higher than the remaining months of the year. Whereas, Loughran (1997) and Daniel
and Kent (1997) report returns characteristics are different in January and other
months of the years. They report the value effect in the stock returns is largely driven by
January effect (with much higher returns in the value stocks than growth stocks).
Therefore, following Hodrick and Zhang (2001) and Schrimpf et al. (2007) we also use
the January dummy to allow the parameters of the model to differ in this month and
remaining months of the year. We test for the presence of January anomaly for the
Finnish stocks then taking January as a risk factor in the model or for the predictability
of stocks returns as in Ferson and Harvey (1991).
Numerous other candidate instruments such as market capitalization, industrial
production level changes and its cyclical component, inflationary changes, and
unemployment rate were used to condition CAPM. The estimations with the mentioned
absolute return of each stock ݅ is divided by the corresponding euro volume: |ܴௗ |/ܸܱܮௗ , where
|ܴௗ |is the absolute return on day ݀ of the month ݉, and ܸܱܮௗ is the daily volume in euros. The Amihud
(2002) measure gives absolute price change per euro volume traded. An illiquid stock would have lesser
depth (resilience) and will be more sensitive for each per euro volume traded in comparison to liquid
stocks. Hence, for illiquid stocks, monthly ݈݈݅݅ݍ will be higher and is calculated such that, ݈݈݅݅ݍ =

|ܴௗ |Τܸܱܮௗ , where ܦ is the number of days for which data is available for stock ݅ in month
1Τܦ σ௧ୀଵ
݉ for a particular year. The monthly illiquidity estimates in a month are then averaged across the stocks,
ே
and the final monthly market illiquidity ܳܫܮܮܫ is, such that, ܳܫܮܮܫ = 1Τܰ σ௧ୀଵ
݈݈݅݅ݍ .
18The January dummy (Jan.) allows for the risk premium to differ between January and the other months
of the year, such that the dummy takes values of 1 in the months of January across the sample and zero
otherwise.
17The
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instruments provide no statistical or economic improvement and therefore are dropped
from the main analysis.
3.4. Descriptive statistics
Table 1 reports summary statistics for both EW and VW portfolios. The average firms in
all the portfolios are greater than five, except for the food and retail sector, which has
an average number of 3.26 firms in the sample. The size-BM and size-MOM portfolios
have 10 firms per portfolio on average, while the largest number is reported for BN
(18.58). Overall, the portfolio with most number of firms is the electronics (22.84)
industry. The big capitalization firm in each portfolio constitutes at least 25 percent of
the total portfolio capitalization. Similarly, if we account for the collective capitalization
weight coming from the top three firms in a particular portfolio, the weight ranges
between 53 percent and 99 percent of the aggregate portfolio capitalization.
The industry portfolios suffer from the skewed capitalization weights most severely
amongst all. The small size portfolios constitute only approximately 1 percent of the
total market capitalization, whereas the capitalization of the big portfolios range from
13 percent to 49 percent for both size-BM and size-MOM portfolios. The multibusiness, banking and finance, food and retail, and construction sectors are those
mainly containing the small capitalization firms; its contribution to the aggregate
market capitalization ranges between 1 percent and 6 percent in the sample. The
average returns for EW portfolios are generally lower than the mean returns on the
value weighted counterparts reported in Table 1, except for the multi-business and
forestry sectors.
The VW average returns for size-BM and size-MOM portfolios are statistically
significant, except for the BN, whereas the significant EW portfolios are SM, SH, BM,
BH, SLM, SN, SW, and BW. All industry returns, both EW and VW, are statistically
significant at 5 percent critical t-ratios, barring the forestry portfolio. The size and value
effects are observed for EW size-BM portfolios. The size monotonicity in the VW
portfolios is broken only for the higher returns obtained on the large growth firms (BL)
rather than the small growth firms (SL) in the sample. The BM effect is also missing for
the capitalized portfolios. However, the size-related increases across momentum
portfolios (for both weighting criterions) are present, while the momentum effect is
only witnessed for EW portfolios.
The momentum return monotonicity in the VW portfolios is broken for the lower
returns on the neutral capitalization (across both size categories) stocks more so than
in the loser portfolio. Otherwise, the winner stocks consistently outperform the loser
portfolios. The largest return on the portfolio SH is consistent with the size and value
risk explanations in Fama and French (1993). Vaihekoski (2004) described low average
dispersion across size portfolios, which is contrary to the substantial dispersion across
portfolios reported in this study. The non-conformity could occur for numerous reasons
including different sample periods and inclusion of delisted stocks. The most
compelling reason for the observational differences is the use of logarithmic returns in
his work rather than the simple relative returns used in this study. The continuously

Avg. No.
of Firms
Top I
Size-BM Portfolios
SL
11.01
0.27
SM
16.71
0.28
SH
13.23
0.31
BL
13.91
0.78
BM
15.6
0.44
BH
10.98
0.39
Size-MOM(2/12) Portfolios
SLM
15.68
0.24
SN
15.25
0.24
SW
14.27
0.26
BLM
12.87
0.5
BN
18.58
0.39
BW
11.87
0.56
Industry Portfolios
Multi Business
9.73
0.43
Banking & Fin.
6.98
0.82
Metals
14.91
0.26
Forestry
5.97
0.56
Food & Retail
3.26
0.46
Electronics
22.84
0.89
Chemicals
5.28
0.64
Construction
5.77
0.61

%age of
MV

0.01
0.01
0.01
0.49
0.24
0.13
0.01
0.01
0.01
0.26
0.29
0.33
0.06
0.04
0.1
0.12
0.02
0.47
0.09
0.01

Top III

MeanEW
(t-value)

MeanVW
(t-value)

0.60
0.51
0.62
0.90
0.70
0.69
0.50
0.53
0.57
0.75
0.62
0.77
0.84
0.95
0.61
0.99
0.86
0.97
0.90
0.96

1.70 (2.84)
1.06 (2.42)
1.29 (2.80)
2.04 (1.55)
1.11 (2.21)
1.14 (1.61)
1.81 (3.70)
1.38 (2.63)

1.15 (1.83)
1.28 (3.22)
2.78 (2.03)
0.80 (1.31)
0.59 (1.44)
1.43 (2.77)

0.37 (0.73)
1.75 (2.52)
2.14 (3.24)
0.30 (0.55)
0.85 (1.80)
1.31 (2.76)

1.33 (2.53)
1.88 (3.07)
1.62 (2.82)
0.76 (1.07)
1.80 (2.98)
2.19 (2.36)
1.69 (3.37)
1.68 (2.69)

2.32 (2.78)
1.70 (4.11)
3.34 (3.42)
1.54 (2.07)
0.72 (1.26)
2.62 (3.94)

1.61 (3.10)
2.71 (3.50)
2.48 (3.94)
1.81 (2.12)
1.36 (2.34)
1.48 (2.65)

8.01
5.89
6.15
17.58
6.72
9.49
6.54
6.99

8.36
5.32
18.32
8.13
5.48
6.90

6.84
9.29
8.86
7.30
6.33
6.35

Std.EW

7.03
8.16
7.65
9.52
8.06
12.43
6.72
8.37

11.18
5.54
13.03
9.94
7.56
8.91

6.96
10.35
8.40
11.41
7.80
7.45

Std.VW

JB test
prob. (EW)

JB test
prob. (VW)

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.10
0.00
0.09

0.47
0.00
0.00
0.10
0.00
0.00

0.16
0.00
0.00
0.00
0.00
0.00
0.76
0.00

0.00
0.00
0.37
0.00
0.00
0.00

0.13
0.56
0.00
0.00
0.43
0.09

0.73
-1.79
-1.34
0.98
-2.02
-1.51
0.79
-0.64

-2.48
-2.22
-0.83
-1.61
-0.38
-2.75

-5.57
-3.63
-0.61
-2.55
-1.50
-0.79

t-stat

The summary statistics for the EW and VW size-BM, size-MOM and industry portfolios are represented in the Table. The sample period is from 199407:2009:05 with 179
sample observations. The abbreviations for the test portfolios are assigned such that S represents small size portfolios and B is for big size portfolios and L, M, H
represents the lowest (30%), middle (40%) and highest (30%) partitions of the data sorted with BM ratio. The L, N and W represents the loser (30%), neutral (40%) and
winner (30%) partitions of the data based on previous one year returns (excluding last month return). Letter M is added with SL and BL intersection of the size-MOM
portfolios to differentiate from size-BM portfolios, i.e., SL and BL. The first column reports the average number of the firms in a respective portfolio whereas, next two
columns specify the %age capitalization coming from top one and top three largest firm(s) as percentage of the corresponding portfolio capitalization. Column IV lists
percentage weights of the portfolios constituting as proportion of total market capitalization. In columns 5 and 6 percentage simple mean returns for EW and VW
portfolios are reported correspondingly. along with the tabulated t-ratios presented in () calculating associated standard errors with formula ߪ/ξܶ. The significant mean
returns at 10% significant values are highlighted in bold. The next two columns report the %age standard deviations for EW and VW portfolios respectively. Likewise the
next two columns presents the p-values for normality of the EW and VW portfolios tested with JB (Jarque and Bera) test respectively. The last column reports the tstatistic against the null that difference between EW and VW portfolio is zero.

Table 1 Descriptive Statistics
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Table 2

Summary Statistics for Factors and Conditioning Variables

The Table reports monthly percentage mean returns and standard deviations of risk factors for the period
199407:200905. Furthermore, correlation matrix is reported in the next vertical panel. ܴ is EURIBOR
rate proxy for risk free rate in the study extending the series with HELIBOR for the period prior to 199901.
Rm is the equally weighted proxy for aggregate market index. SMB and HML are Fama and French (1993)
size and value risk factors constructed for Finland. The instrument matrix for conditioning variables used
to study the conditional CAPM is defined as with ݖ௧ = ( ܶܵ )ܳܫܮܮܫ ܴܧܲ ܻܦ ܴܺܧᇱ , where ܶܵ is the term
structure spread and ܴܺܧare the monthly €/$ logarithmic change.  ܻܦand ܲ ܴܧand MV are the log
linearized series of aggregate dividend yields and the price to earnings ratio for the aggregate index. ܳܫܮܮܫ
measures the sensitivity of absolute returns to the euro traded volume for the total market as given in
Amihud (2002 The only instrument not reported is the January dummy (݊ܽܬ.) which takes value 1 in the
month January and is zero otherwise.

Cross-correlation
Mean

Std.

Rf

0.29

0.09

Rm

SMB

HML

WML

TS

EXR

DY

PER

Rm

0.84

6.43

1.00

SMB

0.71

6.57

-0.14

1.00

HML

0.27

6.54

-0.32

0.32

WML

1.05

8.72

-0.16

0.45

0.16

1.00

TS

0.14

0.11

0.16

0.04

-0.04

0.01

1.00

EXR

0.13

2.50

-0.06

0.04

0.00

0.01

0.08

1.00

DY

0.23

0.11

0.05

0.04

-0.01

-0.23

-0.24

0.04

1.00

PER

1.44

0.74

0.01

0.18

0.08

0.23

-0.22

-0.17

-0.54

1.00

ILLIQ

4.37

4.49

-0.15

0.07

0.14

-0.09

-0.25

0.05

0.33

0.03

ILLIQ

1.00

1.00

compounded returns are not linearly additive across the portfolio components, which is
a well-reported drawback (Campbell, Lo, & Mackinlay, 1997). 19
Moreover, the momentum investing in small capitalization firms is the most rewarding
strategy and has the highest average return across all the EW and VW test portfolios.
The largest EW average return across the sectors is offered by the forestry sector at
2.04 percent per month, whereas banking and finance sector provides the lowest return
of 1.06 percent per month. The most rewarding industry in the capitalized weighted
portfolios is the electronics sector (2.19 percent), and the lowest average returns are
reported for the forestry sector (0.76 percent). Additionally, capitalized weighted
average returns are significant at the 5 percent level more often than the contrarian
weighting method.
The volatilities for all VW portfolios are larger than the EW portfolios, except for SH,
SW, multi-business, and forestry portfolios. The Jarque-Bera normality test rejects
normality more often for the EW portfolios in comparison with the VW portfolios. We
estimate the difference in means t-test between the two series of the respective
portfolio. The significant differences show that both the portfolios constructed with
alternating weighing schemes follow independent return paths overtime.

Campbell, Lo, and Mackinlay (1997) noted that this issue is minor at shorter time horizons, such as daily
time intervals. However, the portfolio returns calculated with log returns are downwardly biased in the
range of 0.5 percent to 1.5 percent per month on average from the reported size-BM and industry
portfolios. The bias implies that logarithmic returns underreport the gains and over-report the losses of the
constituent stocks in the respective portfolios.
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Table 3

Forecasting regressions using conditioning variables

The Table reports the predictive power of the set of conditioning variables used in the study and is tested
with Wald statistic for the sample period 1994:07-2009:05. The Wald statistic tests under the null
hypothesis ܪ : ܾ = 0 that all the model coefficients on the conditioning variables are jointly zero. The
predictability regressions ܴ,௧ାଵ = ܽ + ܾ ᇱ ݖ௧ + ߝ௧ାଵ are ran for the all the test assets i
with ݖ௧ = ( ܶܵ )ܳܫܮܮܫ ܴܧܲ ܻܦ ܴܺܧԢ, where ܶܵ is the term structure spread, ܴܺܧare the monthly €/$. ܻܦ
and ܲ ܴܧare the log linearized series of aggregate dividend yields and the price to earnings ratio for the
aggregate index respectively.  ܳܫܮܮܫmeasures the sensitivity of absolute returns to the euro traded volume
for the total market as given in Amihud (2002Additionally we also report the R2 values from the
predictability regressions. The asymptotic ߯ ଶ test estimates and corresponding p-values to reject the null
are given in columns (2,3) of panel A and B for EW and VW portfolios respectively.

Equally weighted portfolios

Value weighted portfolios

R2

R2

ǒ2(6)

p-value

Panel A

ǒ2(6)

p-value

Panel B

SL

0.12

24.92

0.00

0.12

24.16

0.00

SM

0.11

22.35

0.00

0.12

24.46

0.00

SH

0.10

20.81

0.00

0.12

23.46

0.00

BL

0.09

17.98

0.01

0.04

7.32

0.32

BM

0.09

18.35

0.01

0.05

10.14

0.14

BH

0.05

8.84

0.18

0.02

4.59

0.62

SLM

0.15

30.99

0.00

0.12

24.52

0.00

SN

0.08

15.75

0.02

0.08

16.33

0.02

SW

0.12

23.17

0.00

0.16

33.91

0.00

BLM

0.09

17.50

0.01

0.02

4.55

0.63

BN

0.09

17.70

0.01

0.05

10.05

0.15

BW

0.08

15.34

0.02

0.10

20.02

0.01

Multi Business

0.11

20.89

0.00

0.09

18.35

0.01

Banking & Fin.

0.06

11.68

0.07

0.03

5.44

0.52

Metal

0.08

14.52

0.02

0.05

10.02

0.15

Forestry

0.11

21.09

0.00

0.03

5.52

0.51

Food & Retail

0.09

16.92

0.01

0.08

16.46

0.02

Electronics

0.12

23.27

0.00

0.05

8.64

0.22

Chemicals

0.05

9.59

0.14

0.03

6.01

0.45

Construction

0.15

30.99

0.00

0.08

15.39

0.03

The test rejects the null of zero difference for portfolios SL, SM, BL, SLM, SN, and SW
among size-BM and size-MOM portfolios, whereas for industry portfolios the null is
rejected only for banking and finance, and food and retail. The power of the test, for the
remaining test portfolios, is weak and cannot reject the null for nonzero differenced
mean values. The results from nonzero alternative values reveal that the differences
ranging from 0.1 percent to 1 perent per month are robust across the portfolios (results
are available upon request). The statistical significance of the difference in mean
returns strengthens our expectation to look for specification errors of APM using EW
and VW portfolios separately, given the peculiar market dynamics.
Table 2 reports the mean and standard deviations of the excess market return, proxy
risk free rate, common variation is asset returns (SMB, HML, and WML) along with the
conditioning variables used in the study. The second vertical panel shows the cross
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correlations among all the listed factors for the tested asset-pricing models. The
dividend yield (DY) and price-to-earnings ratio (PER) are correlated with the
momentum effect more than the size or value premium. The other noteworthy
correlation structures are between DY and PER.
The notable observation is the negative correlation between the market return and risk
mimicking factors. The correlation structure shows that the strategies are good hedging
candidates, which are related to the investor’s marginal rate of substitution, assuming
that aggregate consumption linearly increases with increases in aggregate wealth. The
value factor is substantially more associated with the market factor than the remaining
two factor risks. The market illiquidity is also negatively correlated with market return
and is auto correlated. 20 The negative correlation manifests aggregate return falls
during illiquid periods and vice versa. The non-correlation of common covariates with
the fundamental factors could be disappointing for studies vouching for common
covariates among stock returns as reward for mapping real variations in the economy
(Vassalou, 2003; Liew & Vassalou, 2000; Cochrane, 2007).
The time series regressions are carried to evaluate the predictability of the selected
scaling variables. Table 3 reports the Wald statistic and corresponding p-values for the
null that all the model coefficients are jointly zero. The reported R2 values are not
substantially large across our EW and VW test portfolios. The Wald test in Table 3
rejects the null of joint predicting power of the stipulated conditioning vector ݖ௧ more
often for the EW portfolios than the capitalized portfolios at 5 percent confidence
values.

20

The serial correlation in the aggregate illiquidity can be traced till 23rd lag in the sample.

46

4

ESTIMATIONS AND DISCUSSION

4.1.

Unconditional models

The results for the unconditional models using EW portfolios are presented in panel A
of Table 4. The benchmark CAPM model shows that the market risk premium is
positive. The SDF estimations display the negative correlation of the market factor with
the pricing kernel, which, in theory, is positively compensated risk. 21 However, the
estimates suffer from large sampling errors, and the ߯ ଶ -test rejects the null at 1 percent
significant p-values. The HJ-distance for the CAPM is highest among all the
unconditional models. Moreover, the Andrews (1993) parameter stability test rejects
the null at 5 percent critical values.
The value factor remains persistent in affecting the SDF and commanding a positive
premium in the estimation of the Carhart specification. The estimates for remaining
risk factors are theoretically plausible but significant. Similarly, the SMB and WML
(FM) risk prices are positive yet insignificantly estimated. The fit of the model is further
boosted with the non-rejection of the joint null of zero pricing errors. Furthermore, the
Carhart model parameters are stable and the null of no structural break in the model
parameters cannot be rejected with 5 percent asymptotic values.
The estimations for FF3 display the positive premiums for the size and BM effect,
although only the value effect is significantly priced. The prevalence of size and value
effect for the Finnish stocks is consistent with the U.S. evidence. The specification not
only improves in terms of R2 values but also fails to reject the null of joint zero
mispricing. Importantly, HML is the only factor significantly affecting the model SDF,
whereas market and size factor sensitivities are insignificantly estimated. However, the
FF3 specification also suffers from parameter instability.
We augment the FF3 model with the term structure of interest rates and exchange rate
risk, and call it FF5. The FF5 model shows a significant premium for the size and the
value effect at 10 percent and 1 percent confidence values respectively, whereas the size
factor in the SDF-GMM estimations does not influences the SDF. The value factor
remains the most convincing and influences the model SDF. The model has the highest
R2 and cannot reject the joint zero mispricing null. Nonetheless, the model produces
the smallest HJ-distance (34 percent) comparable to that of the Carhart model. The
augmented model does not suffer from parameter instability regardless of using
additional degrees of freedom.
CAPM is the only model, among unconditional models, for which Hansen’s over
identification test rejects the model moments at 5 percent confidence values for both
EW and VW portfolios. The results with VW portfolios (Table 4 panel B) show nonprevalence of the value factor to influence model SDFs and the corresponding risk
premium. In the SDF-GMM estimations, the sign for value factor sensitivity
consistently requires positive returns on HML strategy; however, the estimated FM risk
premium is implausible with its small economic size. The market factor, for VW
portfolios, affects the pricing kernel and commands a significant risk premium across
all the unconditional models. Moreover, the size factor influences the FF3 modelIf the candidate model pricing kernel proxies the investor marginal utility, then the negative correlated
pricing factor with the SDF should have the positive risk premium to compensate for the associated risk
exposure.
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pricing kernel significantly, whereas the momentum priced risk is nevertheless unable
to relate with the model SDF in the Carhart estimations. Themacro factors remain
trivial for the value-weighted portfolios, in the FF5 model, with significance of the
market factor and borderline insignificance of the size strategy.
The dissimilarity in evidence displays the differences in the returns generating
processes for the average firm effect (EW) and the fate of invested capital respectively
(VW). Therefore, the portfolios on average are strongly sensitive to variations in value
factor, but variations in VW portfolios are better captured by the market factor.
Nevertheless, for capitalized portfolios, the CAPM is still unable to suppress crosssectional mispricing, unlike the portfolio-based models. The Carhart model has the
lowest HJ-distance followed by FF5 and FF3 among the unconditional models for EW
and VW test assets respectively. Besides, the explanations are reliable for the model
parameters’ general stability across specifications.
4.2. Conditional CAPM
Hodrick and Zhang (2001) noted that the conditional models are attractive for
surrogating the time varying risk premiums that are otherwise unavailable with the
unconditional testing. However, the conditional tests more often suffer from parameter
stability and for employing additional degrees of freedom (Ghysels, 1998). The model
parameters increase geometrically with the number of conditioning variables.
Therefore, given the small sample we condition only the single factor CAPM
specification.
The SDF-GMM and price of risk estimations for the EW and VW portfolios are
presented in Table 5 and Table 6 respectively. The role of scaling variables is to improve
the misspecification of the unconditional CAPM compared to the competing multifactor models. Generally, the joint zero mispricing null for the FM regressions is
rejected across all the specifications except for the illiquidity-scaled CAPM as shown in
Table 5. Moreover, the estimate for the market beta risk is always positive yet
insignificant.
The first instrument used for the conditional CAPM specification is TS. The R2 values
show that the specified model explains larger linear variability in the test portfolios
compared to the unconditional CAPM. The results suggest the term structure scaled
model does not suppress the cross-sectional mispricing and could not help to bolster
the dismal performance of the CAPM model. The HJ-distance is marginally smaller
than the unconditional CAPM with stable model parameters.
The second scaled specification concerns exchange rate risk. The estimations show that
neither risk factor (exchange rate factor or market factor) significantly affects the SDF.
Additionally, the currency risk premium is negative with an economic premium of only
-12 bps p.a. yet insignificantly estimated. The notable observation is the significance of
premia on the EXR scaled beta risk, which is negatively priced and significantly affects
the pricing kernel. Nonetheless, the ߜு is improved from the unconditional CAPM
test. Overall, the scaled specification fails to boost the CAPM to compete with the better
performing unconditional models, in terms of comparable HJ-distances.
The next specification is scaled by DY. The price of risk for the DY is negative and
insignificant at 10 percent. The scaled variable is unable to influence the model SDF.
Importantly, the DY scaled model has a R2 value comparable to that of FF3 model.
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However, the HJ-distance is large and the model moments are rejected by Hansen’s
(1982) over identification test. The estimations for the PER-CAPM show that the
variable is unable to mitigate the dismal performance of the unconditional CAPM
across EW portfolios. The FM price for PER risk is 0.005 and manifests as the increases
in PER, which are followed by higher cross-sectional stock returns. 22 Moreover, the
lagged PER could not relate to pricing kernel significantly. The positive compensation
of increasing PER yields predictions contrary to conventional wisdom (Campbell &
Shiller, 1988).
A January dummy is the fifth variable to scale the static CAPM. The estimations for the
EW portfolios do not report significant “January effect.” The well-placed empirical
evidence signifying size and BM effect in stocks is driven by the January effect
(Loughran, 1997; Daniel & Titman, 1997) has no ground for the average inclination of
the Finnish stock return patterns. Furthermore, we augment the model with value risk
for robustness, and the HML remains significant risk to influence the model-pricing
kernel. The price of risk estimations show a large R2 value compared to the FF3 model,
but the January dummy neither influences the pricing kernel nor reduces the
mispricing. Moreover, the SDF-GMM estimation suffers from parameter instability.
Assuming ܳܫܮܮܫ,௧ as the expected market illiquidity, the positive premium highlights
an overall compensation for bearing the average state of market illiquidity, although it
is insignificant. 23 The FM estimations report a positive, though insignificant, premium
for the expected market illiquidity. The evidence,

22 Subsequent decline in the PER (per se mean reversion) from a higher period might occur for two reasons
– either the stock growth slows or the stock earnings grows faster. The possibility that stocks grow slowly
after the high PE periods poses a negative outlook for the stock market. The positive risk premium is only
plausible assuming that the pull back in the PER is for stellar growth in earnings rather than the stalling
growth in stock prices. We plot the quarterly PE ratios for the aggregate market index with the following
four-year aggregate returns (available upon on request). The evidence is consistent with Campbell and
Shiller (1988, 1998) for the U.S. and other pan-European stock markets such that the periods with high PE
ratio are followed by slower growth in stock prices.
23 We assume lagged ܳܫܮܮܫ
 as the expected market liquidity for its high persistence to generalize
explanations for the expected state of market illiquidity.
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Table 4

Unconditional estimations with Fama-MacBeth (1973) and SDF-GMM regressions

The Table reports Fama-MacBeth (1973) price of risk estimations and factor sensitivities using the SDF-GMM
methodology for the sample period from July, 1994 till May, 2009. The Table is divided into two panels.. Each
panel is further divided into 4 distinct parts to report the corresponding factor premiums Ǌj and SDF factor
sensitivities bj for (1) CAPM, (2) FF3, (3) Carhart and (4) FF5 models respectively. The t-values for the
estimates from both regressions are given in (). The first two rows of each partition provide the FM based
factor risk premiums and t-values computable from the time series of cross-sectional estimates in the 2nd stage
FM regressions. The ǒ2 (N-1) statistic and the average R2 are presented as performance measures for the FM
regressions. The ǒ2 statistic is distributed with N-1 degrees of freedoms tests if the cross-sectional pricing
errors are jointly zero. The 5th and 6th row in the partition present the parameters of the respective model SDF
with GMM t-values. The Andrews (1993) parameter stability test, Hansen (1982) over identification test and
the Hansen and Jagannathan (1997) distance specification measures for the SDF-GMM estimations are
notated with supLM, JT-test and įHJ. The significant supLM test statistics at 5% critical p-values as given in the
Andrews (1993) Table 1 are presented in bold. The p-values for the null hypothesis įHJ=0 are calibrated with
Jagannathan and Wang (1996) simulation method. The small/large p-values against/for the null hypotheses
are given in [] for the noted test statistics respectively.
Ǌm

ǊSMB

ǊHML

ǊWML

ǊTS

ǊEXR

ǒ 1-1)

R2

Panel A: Equally weighted Portfolios
(1) CAPM
a

0.01

39.02

(1.13)

[0.000]

bm

0.997

-1.47

(107.6)

(-0.85)
Ǌm

(2) FF3

0.003
a

bSMB

ǊSMB

bHML

ǊHML

0.01

0.02

(0.55)

(1.46)

(2.59)

bm

bSMB

bHML

0.997

-2.95

-1.74

-5.57

(27.35)

(-1.57)

(-1.48)

(-2.67)

Ǌm

ǊSMB

ǊHML

(3) Carhart
a

bWML

ǊWML

ǊTS

bEXR

supLM

JT-test

5.93

47.81

0.47

[0.00]

[0.42]

ǒ 1-1)

R2

22.55

30.97

ǊEXR

HJ-dist.

[0.16]
bWML

ǊWML

bTS

ǊTS

bEXR

supLM

JT-test

HJ-dist.

10.93

24.41

0.35

ǊEXR

[0.11]

[0.11]

ǒ 1-1)

R2
39.78

0.003

0.011

0.020

0.008

21.85

(0.58)

(1.58)

(2.73)

(0.82)

[0.15]

bm

bSMB

bHML

bWML

0.997

-3.12

-0.98

-5.49

-1.08

(28.68)

(-1.62)

(-0.61)

(-2.71)

(-0.8)

Ǌm

ǊSMB

ǊHML

ǊWML

(4) FF5

bTS

12.15

bTS

bEXR

supLM
19.39

ǊTS

ǊEXR

JT-test
24.00

0.34

[0.09]

[0.06]

ǒ 1-1)

R2
42.61

0.002

0.02

0.02

0.05

0.005

20.91

(0.37)

(1.89)

(2.77)

(1.50)

(0.79)

[0.14]

bWML

HJ-dist.

a

bm

bSMB

bHML

bTS

bEXR

supLM

JT-test

1.00

-2.01

-1.79

-5.66

-2.78

-1.82

89.82

24.86

HJ-dist.
0.34

(15.13)

(-0.91)

(-1.51)

(-2.51)

(-1.41)

(-0.2)

[0.05]

[0.10]
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Table 4 (Continued)
Ǌm

ǊSMB

ǊHML

ǊWML

ǊTS

ǊEXR

ǒ 1-1)

R2

0.01

20.40

14.51

(1.75)

[0.37]

Panel A: Equally weighted Portfolios
(1) CAPM
a

bm

0.997

-3.79

(41.77)

(-2.19)
Ǌm

(2) FF3
a

bSMB

bHML

ǊSMB

ǊHML

supLM

ǊWML

ǊTS

ǊEXR

JT-test

HJ-dist.

30.61

0.34

[0.04]

[0.71]

ǒ 1-1)

R2
35.50

0.01

0.01

-0.001

15.33

(1.55)

(0.14)

[0.57]

[]

bm

bSMB

bHML

JT-test

HJ-dist.

-4.59

-1.80

-1.49

(-2.47)

(-1.75)

(-0.86)

Ǌm

ǊSMB

ǊHML

bWML

bTS

bEXR

supLM
26.92

ǊWML

ǊTS

ǊEXR

21.76

0.29

[0.19]

[0.27]

ǒ 1-1)

R2
43.09

0.014

0.01

-0.000

0.01

13.09

(2.52)

(1.34)

(-0.04)

(1.61)

[0.67]

bHML

bWML

bm

bSMB

0.997

-4.82

-0.95

-1.52

-1.45

(29.25)

(-2.53)

(-1.65)

(-0.93)

(-1.33)

Ǌm

ǊSMB

ǊHML

ǊWML

(4) FF5

bEXR

(2.39)
0.997

a

bTS

16.95

(30.98)

(3) Carhart

bWML

bTS

ǊTS

bEXR

supLM

JT-test

54.38

16.78

0.27

[0.40]

[0.31]

ǒ 1-1)

R2
44.73

ǊEXR

0.01

0.01

-0.001

0.03

0.002

15.14

(0.54)

(1.61)

(-0.14)

(1.11)

(0.34)

[0.44]

bWML

HJ-dist.

a

bm

bSMB

bHML

bTS

bEXR

supLM

JT-test

0.997

-4.37

-1.69

-1.51

-0.79

-1.56

213.49

21.17

HJ-dist.
0.29

(26.44)

(-2.1)

(-1.57)

(-0.83)

(-0.3)

(0.17)

[0.13]

[0.17]

along with the negative risk premium for the market illiquidity risk (unexpected
illiquidity) for the Finnish market as reported in Vaihekoski (2009), is consistent with
Amihud (2002). 24 The interaction term between market factor and expected illiquidity
is negative and is significant with conventional t-values.

24 Vaihekoski (2009) modeled the market-wide illiquidity risk as the (unexpected) change in the market
liquidity. Amihud (2002) noted the risk for bearing unexpected market illiquidity rises in the portfolio size
and is weak for the large capitalization stocks and vice versa. However, the hypothesized illiquidity beta
risk monotonicity is not increasing across the capitalization of the portfolios for Finnish stocks in
Vaiheksoki (2009); see tables 3 and 4 for the documented OLS and GMM time series betas on market-wide
illiquidity risk for the six size portfolios respectively. Rather, a reverse pattern is reported wherein large
capitalization stocks are relatively more exposed to market illiquidity risk contrary to the intuition of the
concept; yet the cross-sectional premium for the risk is consistent with the evidence in the literature.
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Table 5

Fama-MacBeth (1973) and Conditional SDF-GMM regressions (I)

The Table reports the conditional CAPM estimations for the EW portfolios with Fama-MacBeth (1973)
procedure and SDF-GMM regressions during the sample from July, 1994 till May, 2009. The Table is divided
into 9 sub panels. Each panel is numbered under heading IV-CAPM, where IV is the instrument variable used
for the condition the unconditional CAPM. The factor risk premiums ǊIV, Ǌm, and ǊIV.m, are the premiums for
the conditioning variables, market factor and interaction term of both respectively for the scaling variable as
labeled in each sub panel. Similarly, the estimates under bIV, bm, and bIV.m manifest the SDF factor
sensitivities in the corresponding scaled CAPM specification. The t-values for the estimates from both
regressions are given in ().The first two rows of each partition provide the FM based factor risk premiums and
t-values computable from the time series of cross-sectional estimates in the 2nd stage FM regressions. The ǒ2
(N-1) statistic and the average R2 are presented as performance measures for the FM regressions. The ǒ2
statistic is distributed with N-1 degrees of freedoms tests if the cross-sectional pricing errors are jointly zero.
The 5th and 6th row in the sub panel present the parameters of the respective model SDF with GMM t-values
respectively. The Andrews (1993) parameter stability test, Hansen (1982) over identification test and the
Hansen and Jagannathan (1997) distance specification measures for the SDF-GMM estimations are notated
with supLM, JT-test and įHJ. The supLM test failing to reject the null hypothesis of no structural shifts in the
model parameters are presented in bold with the tabulated p-values in Andrews (1993) Table 1. The p-values
for the null hypothesis įHJ= 0 are calibrated with Jagannathan and Wang (1996) simulation method. The
small/large p-values against/for the null hypotheses are given in [] for the noted test statistics respectively.

(1) TS-CAPM

ǊTS

Ǌm

ǊTS.m

ǒ 1-1)

0.02

0.004

0.01

36.93

(0.54)

(0.51)

(1.47)

[0.00]

R2
27.3

a

bTS

bm

bTS.m

supLM

JT-test

1.03

-3.07

-0.54

-25.21

47.31

47.16

0.45

(15.75)

(-1.36)

(-0.30)

(-0.81)

[0.00]

[0.05]

ǊEXR

Ǌm

ǊEXR.m

ǒ 1-1)

R2

0.000

0.004

-0.001

28.28

28.42

(-0.02)

(0.61)

(-2.13)

[0.04]

(2) EXR-CAPM

HJ-dist.

a

bEXR

bm

bEXR.m

supLM

JT-test

HJ-dist.

1.02

9.83

0.04

258.54

1252.80

33.94

0.40

(20.43

(0.81)

(0.02)

(2.05)

[0.01]

[0.14]

ǊLGB

Ǌm

ǊLGB.m

ǒ 1-1)

R2
29.27

-0.001

0.002

-0.004

36.79

(-1.58)

(0.32)

(0.41)

[0.00]

a

bDY

bm

bDY.m

supLM

1.00

247.60

-1.59

-925.75

32.34

47.47

0.45

(17.99)

(0.84)

(-0.80)

(-0.42)

[0.00]

[0.03]

ǊPER

Ǌm

ǊPER.m

ǒ 1-1)

R2
28.34

(3) DY-CAPM

(4) PER-CAPM

JT-test

0.003

0.001

0.000

38.16

(1.22)

(0.22)

(0.34)

[0.00]

HJ-dist.

a

bPER

bm

bPER.m

supLM

JT-test

1.00

1.53

-1.19

-138.36

27.05

34.70

HJ-dist.
0.46

(69.51)

(0.05)

(-0.67)

(-0.66)

[0.01]

[0.01]
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Table 5 (Continued)

(5) Jan.-CAPM

ǊJan

Ǌm

ǊJan

ǒ 1-1)

0.02

0.00

0.01

37.36

(0.32)

(0.57)

(1.35)

[0.00]

R2
31.17

a

bJan

bm

bJan.m

supLM

JT-test

HJ-dist.

1.02

-0.08

-0.70

-7.22

4.98

46.02

0.46

(20.97)

(-0.12)

(-0.40)

(-1.12)

[0.00]

[0.01]

ǊILLIQ

Ǌm

ǊILLIQ.m

ǒ 1-1)

R2

(6) ILLIQ-CAPM
a

0.04

0.01

-0.001

22.14

(1.45)

(1.59)

(-1.90)

[0.18]

bILLIQ

bm

bILLIQ.m

supLM
9.45

1.07

-10.56

-4.78

168.25

(10.88)

(-1.36)

(-1.51)

(1.96)

JT-test

30.24
HJ-dist.

19.44

0.35

[0.30]

[0.39]

The illiquidity scaled CAPM performs well for the EW portfolios and has the lowest ߜு
among the scaled specifications. The non-rejection of the over identification null
hypotheses specifies the model moments are correctly specified but suffer from
parameter instability as indicated by the Andrews (1993) supLM test.
The model parameters are stable for the conditional CAPM specifications using VW
portfolios except for the PER scaled model at 5 percent critical values, as reported in
Table 6. The other notable generalization is the significance of premia on market beta
risk across all the scaled market model specifications, contrary to evidence reported in
Table 5. Importantly, the market factor also influences the scaled pricing kernels and is
important for determining cross-sectional variations in the VW portfolio mean returns.
Moreover, the cross-sectional null cannot be rejected at the 5 percent critical p-values
across all the FM price of risk estimations. The simplifications for the scaled CAPM are
consistent with the estimations of the unconditional models using VW test assets.
The TS-CAPM significantly prices the term structure risk and the interaction term. The
significance of the term premium highlights that investors demand higher returns on
stocks for positive increases in the TS. The VW portfolios or presumably large
capitalization firms are safe havens to meet investors’ hedging needs during periods
with higher term returns, maintaining ceteris paribus. However, the term risk factor
does not affect the pricing kernel significantly. The model does not produce
comparably small HJ-distance relative to the successful models using VW test
portfolios. Additionally, the moment identification test rejects the model at 5 percent
critical p-values.
The scaled model with exchange rate changes explains larger variations in the VW
portfolio returns than the EW counterpart. The price for euro/dollar fluctuations is
positive yet insignificant. The result shows large capitalization Finnish firms are better
hedged against currency fluctuations than the EW portfolios of small size firms.
Generally, the returns for the export-oriented firms decrease with the corresponding
appreciation in the home country currency, consistent with Koutmos and Martin
(2003). The interaction term is negatively priced and also influences the pricing kernel
significantly, similar to the results for EW portfolios. The exchange rate-scaled
specification has marginally lower HJ distance than the FF3 model and is second only
to the Carhart model for the VW portfolios.
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Table 6

Fama-MacBeth (1973) and Conditional SDF-GMM regressions (II)

The Table reports the conditional CAPM estimations for the EW portfolios with Fama-MacBeth (1973)
procedure and SDF-GMM regressions during the sample from July, 1994 till May, 2009. The Table is
divided into 9 sub panels. Each panel is numbered under heading IV-CAPM, where IV is the instrument
variable used for the condition the unconditional CAPM. The factor risk premiums ǊIV, Ǌm, and ǊIV.m, are the
premiums for the conditioning variables, market factor and interaction term of both respectively for the
scaling variable as labeled in each sub panel. Similarly, the estimates under bIV, bm, and bIV.m manifest the
SDF factor sensitivities in the corresponding scaled CAPM specification. The t-values for the estimates from
both regressions are given in ().The first two rows of each partition provide the FM based factor risk
premiums and t-values computable from the time series of cross-sectional estimates in the 2nd stage FM
regressions. The ǒ2 (N-1) statistic and the average R2 are presented as performance measures for the FM
regressions. The ǒ2 statistic is distributed with N-1 degrees of freedoms tests if the cross-sectional pricing
errors are jointly zero. The 5th and 6th row in the sub panel present the parameters of the respective model
SDF with GMM t-values respectively. The Andrews (1993) parameter stability test, Hansen (1982) over
identification test and the Hansen and Jagannathan (1997) distance specification measures for the SDFGMM estimations are notated with supLM, JT-test and įHJ. The supLM test failing to reject the null
hypothesis of no structural shifts in the model parameters are presented in bold with the tabulated p-values
in Andrews (1993) Table 1. The p-values for the null hypothesis įHJ=0 are calibrated with Jagannathan and
Wang (1996) simulation method. The small/large p-values against/for the null hypotheses are given in [] for
the noted test statistics respectively.

ǊTS
(1) TS-CAPM

Ǌm

ǊTS.m

ǒ 1-1)

R2
25.34

0.06

0.01

0.00

18.18

(1.99)

(2.10)

(2.24)

[0.38]

a

bTS

bm

bTS.m

supLM

JT-test

HJ-dist.

1.03

-1.99

-3.47

-29.51

182.05

28.98

0.32

(19.86)

(-0.89)

(-2.09)

(-1.10)

[0.04]

[0.60]

ǊEXR

Ǌm

ǊEXR.m

ǒ 1-1)

R2
28.59

(2) EXR-CAPM

0.002

0.01

-0.001

14.60

(0.33)

(1.94)

(-2.42)

[0.62]

a

bEXR

bm

bEXR.m

supLM

JT-test

HJ-dist.

1.02

0.95

-2.73

208.05

13.60

16.78

0.29

(21.16)

(0.08)

(-1.24)

(1.91)

[0.47]

[0.67]

ǊDY

Ǌm

ǊDY.m

ǒ 1-1)

R2
30.37

0.000

0.01

0.000

18.10

(-0.33)

(1.15)

(-0.09)

[0.38]

a

bDY

bm

bDY.m

supLM

1.00

252.66

-3.79

-308.09

23.56

24.84

0.32

(17.17)

(1.04)

(-1.91)

(-0.19)

[0.10]

[0.50]

ǊPER

Ǌm

ǊPER.m

ǒ 1-1)

R2

0.003

0.01

0.000

20.21

29.83

(1.82)

(0.97)

(1.37)

[0.26]

(3) DY-CAPM

(4) PER-CAPM

JT-test

HJ-dist.

a

bPER

bm

bPER.m

supLM

JT-test

1.00

-30.80

-3.66

28.34

5.31

31.50

HJ-dist.
0.32

(21.08)

(-0.90)

(-1.90)

(0.14)

[0.02]

[0.57]
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ǊJan
(5) Jan.-CAPM

Ǌm

ǊJan.m

0.14

0.01

0.01

ǒ 1-1)

R2

13.35

30.56

(2.22)

(2.03)

(1.61)

a

bJan

bm

bJan.m

supLM

JT-test

HJ-dist.

1.13

-1.54

-3.20

-0.42

41.53

16.35

0.27

(19.60)

(-2.40)

(-1.62)

(-0.05)

[0.50]

[0.84]

ǊILLIQ

Ǌm

ǊILLIQ.m

ǒ 1-1)

R2
29.04

(6) ILLIQ-CAPM
a

[0.71]

0.01

0.02

-0.0003

15.70

(0.41)

(2.87)

(-0.50)

[0.55]

bILLIQ

bm

bILLIQ.m

supLM
65.12

1.04

2.98

-4.43

87.84

(21.05)

(0.49)

(-2.24)

(1.66)

JT-test

HJ-dist.

19.13

0.30

[0.32]

[0.76]

The specifications with DY and PER are not attractive enough to affect the capitalized
portfolio returns. The p-values for the over identification test reject the PER-CAPM at 5
percent critical levels, whereas DY-CAPM is rejected for 10 percent significance values.
Moreover, the HJ-distances do not improve on the cross-sectional mispricing to a level
comparable with the better performing models.
The most compelling performance is documented for the January-scaled CAPM using
the VW portfolios. The estimations document a difference in the premiums for the
month of January and the other months of the year. The evidence is consistent with
Heston et al. (1999) for the European stocks. However, the implications are not similar
to the U.S. market, as reported in Denial and Titman (1997), because the higher returns
in January display more correspondence to the large capitalization stocks than the BM
effect. The explanation is also consolidated with the insignificance of the value factor
for the VW portfolios. Importantly, the specification reduces the mispricing to similar
levels, as with the best performing Carhart model.
The results for ‘January effect’ from the Finnish market are contrary to the US
evidence: when we equal weight test portfolios (the best chance for value stocks, and

indicated by the Andrews (1993) supLM test.

The model parameters are stable for the conditional CAPM specifications using VW
portfolios except for the PER scaled model at 5 percent critical values, as reported in
Table 6. The other notable generalization is the significance of premia on market beta
risk across all the scaled market model specifications, contrary to evidence reported in
Table 5. Importantly, the market factor also influences the scaled pricing kernels and is
important for determining cross-sectional variations in the VW portfolio mean returns.
Moreover, the cross-sectional null cannot be rejected at the 5 percent critical p-values
across all the FM price of risk estimations. The simplifications for the scaled CAPM are
consistent with the estimations of the unconditional models using VW test assets.
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Table 7

Dynamic Model Performances

Table reports the results from linear projections of the pricing errors ߙො,௧ାଵ = ܯ௧ାଵ (ܾ)ܴ,௧ାଵ onto
a set of conditioning vector ݖ௧ = (ܶܵ )ܳܫܮܮܫ ܴܧܲ ܻܦ ܴܺܧԢ as proposed by Farnsworth et al.
(2002). The model SDF,ܯ௧ାଵ (), series is calculated using the one step SDF-GMM parametric
solutions, ܾ, used in the estimation of HJ-distance measure. ܶܵ is the lagged difference between
long rate series and one month EURIBOR series,  ܴܺܧis the change in euro against USD at
time  ݐand  ܻܦis the aggregated market dividend yield. The ܲ ܴܧis the price to earnings ratio for
the market index and  ܳܫܮܮܫis aggregated market’s price impact to the euro volume traded. The
Farnsowrth et al. (2002) diagnostic estimates of fitted pricing errors are presented under panel
A and B respectively. The first vertical partition of the Table presents the results using EW
portfolios and the 2nd half with the VW portfolios. The average standard deviation of projected
pricing errors along with the minimum and maximum estimates using 20 excess portfolio
returns and risk free rate proxy are given against each model tagged row. The lower average
shows a particular model performs better in capturing the time series variability of asset returns
in comparison to the results reported for other tested models.
Equally weighted
portfolios
Value weighted portfolios
Average

Min

Max

Average

Min

Max

1.33

0.19

0.10

0.30

Panel A: Unconditional Models
CAPM

0.58

0.31

FF3

0.63

0.35

1.66

0.52

0.21

1.71

Carhart

0.57

0.34

1.28

0.47

0.19

1.37

FF5

0.69

0.43

1.77

0.66

0.26

0.97

Panel B: Conditional CAPM
TS

0.77

0.44

1.60

0.47

0.21

0.67

EXR

0.81

0.38

1.90

2.59

1.62

4.19

DY

1.93

1.31

3.32

0.73

0.36

1.62

PER

1.43

0.61

4.01

1.00

0.28

3.97

Jan.

0.47

0.30

0.81

0.30

0.16

0.54

ILLIQ

0.79

0.39

1.75

0.99

0.42

1.61

The TS-CAPM significantly prices the term structure risk and the interaction term. The
significance of the term premium highlights that investors demand higher returns on
stocks for positive increases in the TS. The VW portfolios or presumably large
capitalization firms are safe havens to meet investors’ hedging needs during periods
with higher term returns, maintaining ceteris paribus. However, the term risk factor
does not affect the pricing kernel significantly. The model does not produce
comparably small HJ-distance relative to the successful models using VW test
portfolios. Additionally, the moment identification test rejects the model at 5 percent
critical p-values.
The scaled model with exchange rate changes explains larger variations in the VW
portfolio returns than the EW counterpart. The price for euro/dollar fluctuations is
positive yet insignificant. The result shows large capitalization Finnish firms are better
hedged against currency fluctuations than the EW portfolios of small size firms.
Generally, the returns for the export-oriented firms decrease with the corresponding
appreciation in the home country currency, consistent with Koutmos and Martin
(2003). The interaction term is negatively priced and also influences the pricing kernel
significantly, similar to the results for EW portfolios. The exchange rate-scaled
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specification has marginally lower HJ distance than the FF3 model and is second only
to the Carhart model for the VW portfolios.
The specifications with DY and PER are not attractive enough to affect the capitalized
portfolio returns. The p-values for the over identification test reject the PER-CAPM at 5
percent critical levels, whereas DY-CAPM is rejected for 10 percent significance values.
Moreover, the HJ-distances do not improve on the cross-sectional mispricing to a level
comparable with the better performing models.
The most compelling performance is documented for the January-scaled CAPM using
the VW portfolios. The estimations document a difference in the premiums for the
month of January and the other months of the year. The evidence is consistent with
Heston et al. (1999) for the European stocks. However, the implications are not similar
to the U.S. market, as reported in Denial and Titman (1997), because the higher returns
in January display more correspondence to the large capitalization stocks than the BM
effect. The explanation is also consolidated with the insignificance of the value factor
for the VW portfolios. Importantly, the specification reduces the mispricing to similar
levels, as with the best performing Carhart model.
The results for ‘January effect’ from the Finnish market are contrary to the US
evidence: when we equal weight test portfolios (the best chance for value stocks, and
small size stocks) January dummy does not influence model SDF. However, for VW test
portfolios the January dummy influences SDF. Implicitly large capitalization Finnish
firms have significantly larger premium in the month of January than remaining
months of the year.
The expected illiquidity has inconsistent SDF-GMM estimates compared to the FM
positive risk price (which is insignificantly estimated). The interaction term
significantly influences the pricing kernel at 10 percent critical values, as shown in the
Table 5. The over identification test statistic has large p- values and is unable to reject
the null. However, the model is comparable to better performing models in terms of
HJ-distance, if not the best.
Overall, the estimations for the VW portfolio highlight the fact that the market factor is
persistent in influencing the specification pricing kernels with plausible risk
compensations. Besides the implicit significance of the January effect for large
capitalization firms, other important factor risks include EXR and ILLIQ-scaled market
factors for both EW and VW portfolios. The results show that the misspecification of
the static CAPM can be improved if the parameters of the scaled SDF are allowed to
vary through time. However, the scaled CAPM specifications usually fail to capture the
average tendency of the firms, except for the illiquidity-scaled CAPM.
The dismal performance of the conditional-CAPM for EW portfolios highlights the
lowness of conditioning variables in the predictability regressions (Table 3). However,
the employed information variables performed much better for the capitalized
portfolios, compared to the EW portfolios, in suppressing cross-sectional mispricing.
Moreover, the varying risk explanations and differences in HJ-distances emphasize the
otherwise shortcoming of generalized evidence for markets such as Finland.
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Table 8

Factor combinations based likelihood-ratio test

Table reports the Cochrane (1996) based likelihood ratio statistic establishing given an unrestricted model
factors fଵ , are a restricted model factors fଶ important for pricing assets. The LR test simplifies the idea if the
restricted factors are not important for asset pricing then the GMM based minimized objective function ்ܬ
compared to corresponding  ்ܬestimate for the general model should not rise much. In order to employ the
ǒ2-difference test we augment each model (excluding FF3) factors with the Fama and French (1993) model
risk factors, i.e., SMB and HML. Then we compare the performance of the augmented model with the
restricted model that the regression estimates for SMB and HML are zero. The listed models in the column
1 of the Table represent the restricted model. Panel A reports the statistic for unconditional models for
both EW and VW models in separate vertical partitions. Similarly, the performance of the conditioning
variables is analysed in Panel B. All the GMM estimations are done using general model weighting matrix.
The significant increases in the restricted model minimized objective function show the restricted model
factors outperform the SMB and HML factors or vice a versa. The test statistic is chi-square distributed
with 2 (# of restrictions) degrees of freedom.

Equally weighted portfolios
ǒ2(2)

p-value

Value weighted portfolios
ǒ2(2)

p-value
0.01

Panel A: Unconditional Models
CAPM

23.40

0.00

8.86

Carhart

21.21

0.00

1.95

0.19

FF5

16.50

0.00

7.40

0.01

23.24

0.00

8.80

0.01

Panel B: Conditional CAPM
TS
EXR

11.65

0.00

1.38

0.25

DY

24.78

0.00

5.29

0.04

PER

13.44

0.00

8.03

0.01

Jan.

21.57

0.00

1.83

0.20

ILLIQ

0.65

0.36

3.30

0.10

4.3. Additional tests
In order to test the stability of the SDF-GMM estimations, we perform additional
diagnostic tests. The first robustness test focuses on the time series predictability of the
spreads on the test assets as proposed by Farnsworth et al. (2002). The test analyzes
the wellness of the empirical SDF proxy in explaining the time variation in the test
assets. The proposed test exploits the fact that if the SDF proxy can capture the time
variations in the test assets, then the pricing errors from the fitted model should not be
predictable with any prior period information variables.
The test analyzes the average standard deviation of the linear projections of the pricing
errors from the SDF-GMM estimations. The lower average standard deviation of the
fitted errors serves as a measure of SDF’s success in capturing the time series variations
of the test assets. The results for the dynamic model performance are reported in Table
7. The linear projections show that the January-scaled CAPM is most successful in
capturing the time variations in EW portfolio returns among all the tested
specifications, followed by the Carhart model and the unconditional CAPM.
The second diagnostic checks if a set of factors are important for pricing assets
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Table 9

The FM regressions and SDF-GMM performance metrics for 13 test portfolios

The Table is divided into two vertical panels, for which both panels display the calibrated performance metrics
for each model highlighted in the first column of the Table for the reduced set of test portfolios excluding
industry portfolios. ǒ2 (N-1) statistic tests the ability of the model to report under the null hypothesis if the FM
based cross-sectional pricing errors for the test portfolios are jointly zero. The remaining three test statistics,
i.e., JT-test, HJ-dist. And supLM are for the main SDF-GMM estimations. The Hansens’ (1982) tests under the
null hypothesis the imposed model moments are true and Hansen and Jagannathan (1997) distance measure
reports if the distance of empirical proxy from the set of true pricing kernels is zero. The p-values for the null
hypothesis įHJ= 0 are calibrated with Jagannathan and Wang (1996) simulation method. The small/large pvalues against/for the null hypotheses are given in [] for the noted test statistics. The Andrews (1993) supLM
statistic checks the stability of the model parameters for full sample and partial sample SDF-GMM estimations.
The significant supLM test statistics at 5% critical p-values as given in the Andrews (1993) Table 1 are presented
in bold.

Equally weighted portfolios
ǒ2(N-1)

JT-test

HJ-dist.

supLM

Value weighted portfolios
ǒ2(N-1)

JT-test

HJ-dist.

supLM

11.57

Panel A: Unconditional Models
CAPM
FF3
Carhart
FF5

24.01

27.10

0.37

[0.01]

[0.00]

[0.00]

11.19

14.44

0.25

[0.26]

[0.11]

[0.00]

10.60

14.21

0.23

[0.23]

[0.77]

[0.00]

9.49

8.75

0.23

[0.22]

[0.28]

[0.00]

16.63
132.07
85.20
26.17

16.20

16.66

0.30

[0.13]

[0.12]

[0.00]

11.22

9.25

0.25

[0.26]

[0.41]

[0.00]

9.00

7.21

0.22

[0.34]

[0.51]

[0.00]

9.00

8.48

0.24

[0.25]

[0.29]

[0.00]

8.74

9.11

0.22

[0.46]

[0.43]

[0.00]

8.71

7.38

0.22

[0.47]

[0.60]

[0.00]

11.87

14.70

0.26

[0.22]

[0.10]

[0.00]

8.53

5.73

0.22

[0.48]

[0.77]

[0.00]

9.38

7.64

[0.40]

[0.57]

[0.00]

10.11

10.18

0.24

[0.34]

[0.34]

[0.00]

24.26
0.39
66.31

Panel B: Conditional CAPM
TS
EXR
DY
PER
Jan.
ILLIQ

20.48

22.11

0.34

[0.02]

[0.01]

[0.00]

11.70

10.24

0.26

[0.23]

[0.33]

[0.00]

18.79

20.90

0.32

[0.00]

[0.01]

[0.00]

21.67

18.74

0.35

[0.01]

[0.03]

[0.00]

20.42

20.50

0.34

[0.02]

[0.02]

[0.00]

12.73

11.65

0.26

[0.18]

[0.23]

[0.00]

244.02
123.83
3.3e+3
111.16
705.74
1.56e+3

2.2e+3
4.4e+3
1.67e+3
3.63e+3
352.17
3.9e+3

compared to another set of risk factors. Hansen’s (1982)  ்ܬstatistic rejects the null
hypothesis against a nonspecific alternative. Cochrane (1996) suggested testing a model
against a specific alternative and proposed a likelihood-ratio (LR) test. The LR test
statistic is the difference between  ்ܬtest statistics of the restricted model and the
unrestricted model. The test statistic is asymptotically chi-square distributed with  െ ݍ
degrees of freedom. The ratio statistic at the 5 percent critical values tests if the nested
model could be rejected against the alternative specification. The non-rejection of the
null hypothesis signifies for a particular factor based SDF to have explanatory power,
i.e., unaffected with the inclusion of certain risks factors and vice a versa.
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The LR test for EW portfolio returns shows that all the nested models are rejected
against the pricing ability of the SMB and HML, excluding the ILLIQ-CAPM
specification. The significance of the test statistic is highly robust (1 percent level) for
the restricted unconditional and conditional specifications. The momentum factor
coupled with the market factor makes the restricted specification sufficient for the
cross-section of capitalized portfolio returns. However, the test highlights the market
factor, and the FF5-based macro factors (TS and EXR) may not be able to explain the
return variations independently at 5 percent critical values with the ߯ ଶ (2) test. The
other notable factor risks are the scaled specifications with EXR, January dummy, and
ILLIQ for the VW portfolio returns. The results with the LR test shows SMB and HML
drives away the unsuccessful model SDF, except the ones that have fared well in
suppressing the cross-sectional mispricing and therefore report the stability of the
results in the sections 4.1 and 4.2.
We also estimate all the models, excluding industry portfolios, while reducing the
number of factor structures to check for robustness. The results are not particularly
different compared to main inferences with 21 test assets, whether tested with EW or
VW test portfolios. However, almost all the conditional CAPM specifications perform
better than the estimation results with 21 test assets, and in certain cases even come
close to best performing the Carhart (1997) model with instruments TS, EXR, PER, and
January dummy.
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5

CONCLUSIONS

This study accounts for the peculiar characteristics of small stock markets in analyzing
the specification errors of asset-pricing models. Small markets such as Finland are
severely affected by carrying proportionally large capitalizations weights from one or a
few firms and a small number of listed stocks. We hypothesize that because of the
peculiar structure of small markets, the usual evidence with VW or EW portfolios will
lack the overall picture for the economic wide risks. Therefore, the study constructs
size-BM (6), size-MOM (6) double sorted, and industry (8) portfolios both with equal
weighting and value weighting. The horse race specification error testing among the
tested APM for the Finnish market follows Hodrick and Zhang (2001) and Schrimpf et
al. (2008) for the U.S. and the German stock markets respectively. Furthermore, the
results in the study pass a far stricter test for using different characteristic portfolios as
suggested by Lewellen et al. (2010) in the related literature.
The unconditional CAPM cannot explain the variability of size-BM, size-MOM, and
industry-sorted portfolios for the Finnish stock market consistent with international
evidence. Moreover, the performance of the CAPM could be improved if the parameters
of the SDF are allowed to vary through time using certain conditioning variables. The
size and value risk significantly affect the pricing kernel for the EW portfolios, whereas
the weighting scheme market factor influences the model SDF persistently. The
diverging persistence of risks elucidates the need for accounting the average stock
sensitivity (EW) and the overall growth in the invested wealth (VW) separately for a
market like Finland. Overall, the Carhart model produces the lowest HJ-distance
among all tested models for both types of weighted portfolios. Similar evidence in
suppressing mispricing is also reported by the FF5 model and the Jan.-CAPM for EW
and VW portfolios respectively. Additionally, the diagnostic checks consolidate the
evidence for better performance of the Carhart model. The results highlight the need
for specification error testing from independent financial markets to report the impact
of varying dynamics at play in atypical markets.
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Abstract
This paper presents a simplified single period asset-pricing model that adjusts for
illiquidity and tests it for the Finnish stock market. Empirical testing of a small yet
developed market is motivated by the increased relevance of the illiquidity effect for
illiquid assets/markets widely reported in the literature. Our results support our
hypothesis. The results show that expected returns on illiquidity portfolios are crosssectionally linked with illiquidity risks to a greater extent than market risk, whereas the
comparable U.S. evidence reports otherwise. The illiquidity premium remains
pervasive even if we exclude illiquidity prone periods from the sample, although it
generates a lower share of the total model risk premium than the full period. The
remaining evidence highlights variations in the types of pertinent illiquidity risks
depending upon proxy measure used, time variations in illiquidity premia, and the
superior performance of liquidity-adjusted model compared to the unconditional
capital asset pricing model (CAPM) across assets and periods.
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1

INTRODUCTION

Studies connecting liquidity to asset pricing have evolved over time and are currently
based on a twofold proposition that the level of illiquidity and illiquidity risk are priced
and both are mutually reinforcing. This proposition implies that highly illiquid assets
are those that are also vulnerable to illiquidity risk. Both effects result in a demand for
higher expected returns for holding such assets. A level of illiquidity can then be
defined as a high transaction cost involved in trading the asset, which even under
normal market conditions is higher than liquid assets. Liquidity risk arises when the
illiquidity of the market suddenly increases, making the prospect of transacting an
illiquid asset difficult, thus further increasing the transaction cost.
Amihud and Mendelson (1986) first studied the relationship between expected returns
and the level of illiquidity. Their empirics predicted that returns increase and are a
concave function of the level of illiquidity. Several studies on this topic have been
conducted since Amihud and Mendelson. The initial studies focus on illiquidity as an
asset-specific characteristic. Pastor and Stambaugh (2003) documented and tested the
systematic dimension of illiquidity, termed illiquidity risk. Furthermore, Amihud
(2002) investigated systematic illiquidity risk and proposed that expected market
illiquidity is priced positively, while shocks to market illiquidity lower
contemporaneous returns. 1 Amihud (2002) tested the propositions with ten size
portfolios for the U.S. market and reported consistent empirical evidence.
Bakaert et al. (2007) further tested these hypotheses for emerging markets, and their
results confirm their propositions. Chordia et al. (2002) and Hasbrouck and Seppi
(2001), among others, suggested another systematic dimension of liquidity risk by
proposing that liquidity risk arises because the market’s illiquidity and the asset’s
illiquidity co-vary over time. Illiquid assets are a major contributor to market
illiquidity; hence, increased covariation with market illiquidity results in a demand for
higher expected returns. Finally, Acharya and Pedersen (2005) summarized all of the
former dimensions of liquidity risk in their proposed model. Their model contains an
additional illiquidity-related risk for the sensitivity of asset’s illiquidity to variations in
aggregate wealth and named it depressed wealth effect.
We simplify the model developed by Acharya and Pedersen (2005) by making the
liquidity adjustment in a single period model rather than using an overlapping
generation model (OLG). The model proposes that a market index, spanned from a
mean-variance efficient asset space net of asset-specific liquidity costs, is a better
candidate to reduce the reported mispricing associated with standard mean-variance
CAPM. The generalization of the model allows for the determination of asset prices
inside the model and accounts for the total cost of trade rather than exogenously
determined prices and model agents confronting the cost of selling, as in Acharya and
Pederson (2005). 2 This limited effect of illiquidity handicaps the utility of their model
for any measure of illiquidity constructed not using high frequency data. Illiquidity is
1 These propositions fulfill each other. A positive shock to asset illiquidity raises the prospect of higher
(future) expected illiquidity and thus higher (future) expected returns. Therefore, the illiquidity shock
lowers contemporaneous prices and contemporaneous returns while maintaining the concave returnilliquidity relationship.
2 Selling costs can only be deduced when data for each trade, which allows buy and sell orders to be
distinguished, is available, but this method requires substantial microstructure data. However, even the
distinction between buy orders and sell orders is at times obscured in low frequency data. Thus no exact
procedure exists to approximate the cost of selling using any illiquidity measure.
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typically measured using daily data rather than high frequency trade level data, which
allows for inexpensive long horizon asset pricing tests.
Therefore, these noted shortcomings demand that illiquidity-adjusted CAPM be
proposed under more generalized assumptions, in which asset returns could be priced
subject to the overall effect of illiquidity. We solve a simple pricing equation in which
investors discount the net return on any stock by aggregate market net returns, where
net returns are excess returns adjusted for illiquidity. The solution to this pricing
equation extends the applicability of the Acharya and Pedersen (2005) model for any
measure of illiquidity and maintains a similar effect of the level of illiquidity and
(unconditional) separation among model risks. The separation among model risks
enables the determination of the relative impact of a particular risk on expected
returns.
As is generally acknowledged, illiquidity effects are pronounced for illiquid
assets/markets. However, with few exceptions, most liquidity-related studies are
conducted for the U.S. markets. Arguably, the U.S. markets are the most liquid equity
markets (Bakaert et al., 2007) and therefore may not be as suitable for empirical testing
as other illiquid markets. The reported diminishing illiquidity premium in the U.S.
stock returns over time (Ben-Rephael et al., 2010) then should come as no surprise.
Therefore, the proposed model is tested for the Finnish market. We argue that it is
more appropriate to test liquidity-related models in markets that are sufficiently
illiquid to diagnose the level and strength of bearing such risks in comparison to other
pertinent risks, such as market risk. The Finnish stock market is a small, developed
market that, over the course of a decade, transformed from an illiquid to a liquid
market; yet, the prospect of finding illiquidity remains a possibility due to the peculiar
setting in which the market operates. 3
We construct 15 illiquidity-based and 10 non-illiquidity related test portfolios for the
sample period from January 1994 through May 2009. A larger cross-section of 25 test
portfolios based on five different stock characteristics tests the real strength of the
proposed model, as suggested in Lewellen et al. (2010). Furthermore, we purposefully
calculate the measure of illiquidity for the stocks listed in the Finnish market in two
distinct ways. The illiquidity measures used in our study were proposed by Lesmond et
al. (1999) and Amihud (2002). Both of these illiquidity measures are highly correlated
with finer spread and price impact proxies estimated from low frequency data, as
reported by Goyenko et al. (2009).
Lesmond et al. (1999) argue that the stocks with more zero return days are more
illiquid than others, such that the marginal return from transacting the asset is less
than the transaction cost and the later proxies for the Kyle (1985) price impact
measure. The primary purpose of measuring illiquidity in different ways is to report
which illiquidity proxy better captures the unobserved illiquidity effect that explains the
cross-sectional return differences. Finally, we also check for time variation in illiquidity
3 The empirical literature on the Finnish market studying the relationship between stock returns and
different illiquidity proxies is extensive. For instance, Swan and Westerholm (2002) found that the level of
illiquidity has a positive and strong effect on the cross-section of stock returns from 1993–1998. Vaihekoski
(2009) tested for market specific and asset specific liquidity risks for a cross-section of six size portfolios
and found that asset specific risk is not priced, whereas the portfolio risk sensitivities reveal a flat
relationship across the size of the portfolios. In the latter study, the illiquidity risk was captured by one
factor that only accounts for Amihud’s (2002) flight to liquidity notion. As noted previously, other
illiquidity risks, such as commonality effect and depressed wealth effect on asset’s illiquidity, exist;
therefore, the results contribute supplemental empirical evidence for other risk types affecting the Finnish
stock return variations.
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and test all of the models, excluding the periods with high illiquidity, using the reduced
sample.
The results show that the illiquidity portfolios’ returns are more related to the
systematic illiquidity risks than the systematic market risk. The impact of this
relationship is substantial; the percentage of the illiquidity premium in the total
modeled risk compensation is approximately 92 percent, given model assumptions. In
comparison, only 17 percent of the total risk premium is attributed to illiquidity risks
for U.S. stock returns, as calculated from Acharya and Pederson (2005). The remainder
of the risk premium is attributed to CAPM risk in both markets. The stronger
association of model-predicted risk premia with liquidity risks remains intact even
during calmer periods – that is, 60 percent of the aggregate model premium is the
reward for bearing illiquidity risks. The main empirical finding confirms our hypothesis
that liquidity effects are more pronounced for illiquid assets/markets. Therefore, the
evidence suggests that liquidity related theories should prioritize illiquid markets
over/along with the usual examinations of the U.S. market.
The remaining evidence in the study can be summarized in three levels. First, the two
measures of illiquidity perform equally well in reducing cross-sectional mispricing.
However, the overall model effect may be driven by a different model risk (dimension)
altogether. Second, the illiquidity effect is time varying. The Amihud (2002) price
impact measure is more responsive in capturing these (time) variations to the extent
that model estimates using a proxy price impact measure are more stable under the
model’s assumptions. Third, the liquidity-adjusted model performs well relative to a
simple CAPM, even when the asset space of test portfolios includes non-illiquidity
portfolios in model estimates. For illiquidity test portfolios, this improvement is
substantial in the full sample rather than in the calmer period.
This paper is organized as follows. Section 2 describes the methodology used in this
paper. Section 3 discusses the data and constructs and elaborates the portfolio and
different measures of illiquidity. Section 4 provides empirical analysis, and Section 5
concludes the study.
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2

METHODOLOGY

The presence of the law of one price (LOP) provides a stochastic discount factor, M t ,
such that all the assets are correctly priced implying,

Et ( M t 1 X t 1 )

Pt .

(1)

Equation (1) could also provide a representation of gross returns if we divide the
i
i
equality by the non-zero stock price Pt , such that Et ( M t 1 Rt 1 ) 1 . Rt 1 is the period
i
return on asset i, and if Rt 1 is the excess period return over the risk free rate, then the
i
relationship can also take the form Et ( M t 1 Rt 1 )
i
t 1 as

represent R

0 . All subsequent equations will

the excess return for expositional convenience. If the discount factor is
m

a function of the mean-variance efficient market factor return ( Rt 1 ) , equation (1)
converges to the standard CAPM. One shortcoming of CAPM includes the model’s
implication for stocks with similar expected cash flows that differ only in their ability to
be traded or transacted quickly (Pastor and Stambaugh, 2003; Sadka, 2006). The
model implies theoretically equal prices for such stocks; however, we observe violations
to the model’s implications and LOP in the real world.
Here, we derive a simple pricing equation adjusted for liquidity related costs following
the mean-variance optimizations discussed in Lo et al. (2004), assuming that investors
observe the net asset returns of the transaction costs accrued in the inherent asset
specific illiquidity constraints. 4 We use a proportional transaction cost measure such
i
i
i
i
that E ( I ) X E (C ) . In the equality, E ( I ) represents expected illiquidity, X i is a
constant of proportionality that should be positive, and E (C i ) is the expected relative
transaction cost. Similarly, we can represent the relationship between market illiquidity
m
m
m
and transaction cost to hold for all the assets in the market as E ( I ) X E (C ) . The
expected illiquidity is a function of the actual transaction costs. The expected asset
illiquidity and expected market illiquidity are equal to the respective transaction cost
relative for X 1 , such that theoretical costs are precisely identified. The subsequent
model equations omit the terms X i and X

m

for clarity.

Therefore, an asset-pricing model adjusting for the liquidity effect can be derived from
expected excess net returns on stocks such that the pricing kernel is a function of net
excess market return 5:

4

TCti1

is the total cost of the trade in our model, but when we convert the pricing relationship, as in

equation (4), in terms of net returns; the component

i, such that

Cti1

TCti1
Pt i

TCti1
Pt i

represents the relative cost of trade for stock

and similarly follows for total market portfolios, such that

CtM1

TCtM1
Pt M

.

5 The terms liquidity and illiquidity are used interchangeably throughout the paper – for example: liquidity
effect, risks, or betas and illiquidity effect, risks, or betas.

70

E M t 1 Rtm1  Ctm1 Rti1  Cti1

0.

(2)

Equation (2) accounts for the expected level of stock illiquidity, which for an illiquid
asset is higher than the level of illiquidity of a liquid asset, such that C ILLIQ ! C LIQ .
Furthermore, the effect of market illiquidity C m on pay-offs from illiquid assets is also
higher. Therefore, even if the expected gross returns on both illiquid assets and liquid
assets are identical, the observed price of the illiquid asset is lower, such that
Pt ILLIQ  Pt LIQ for having additional exposure to illiquidity. This follows from the simple
risk-return relationship that if two assets have equal excess returns but one is
(liquidity-adjusted) riskier, then the illiquid stock’s price is set to be lower than the
liquid stock because investors demand additional compensation for bearing higher risk.
Consequently, pricing equation (2) can gauge the relationship between expected
returns and aggregate risks, for any proxy measure of liquidity, catering all systematic
dimensions of illiquidity risks.
We argue that agents hypothetically assign equilibrium prices to all stocks while having
homogenous expectations for conditional expected net returns. 6 Therefore, in any
period, agents choose consumption and portfolios to maximize expected utility.
Assuming exogenously determined illiquidity related costs, net returns are identified in
each period, provided that all agents are price takers and short selling is not allowed.
The agents identifying net returns determine the new feasible set and the efficient asset
combinations that will hold in equilibrium. The net return adjustment will re-establish
the capital market line tangent, given the poor empirical performance of the standard
CAPM, to the efficient frontier at the position of the net market (risk, return) tradeoff
point in the reduced mean-variance space. The agents will take long positions in the net
market portfolio, similar to the imagined CAPM economy. Moreover, the net return on
the market portfolio may not be the imagined CAPM economy optimal solution because
our proposed model adjusts for the observed mispricing. 7
Heuristically, the model may prove capable of justifying LOP and explain why, in the
first instance, prices for illiquid assets are set lower in lieu of the observed gross
returns. The violation of LOP, under the empirical estimation of CAPM, occurs because
the model ignores the liquidity effect, which results in model predictions that are not on
par with market equilibrium prices. The proposed model perceives liquidity risk as
including the total cost of trade, and thus is more liberalized than Acharya and
Pederson’s (2005) liquidity-adjusted model, although it generates a similar model in
terms of model risks. 8 The proposed generalization of the Acharya and Pederson
(2005) liquidity-adjusted CAPM, following Lo et al. (2004), can provide better real
world predictions when pricing assets in lieu of a net mean-variance portfolio.
Furthermore, similar to CAPM theory, the expected (net) rate of return on the stocks is
systematically related to the return on a well-diversified market portfolio. The testable
cross-sectional restriction on the assets will imply a single beta representation such
that:
We assume expected net returns are jointly normally distributed.
The non-conformability follows if one asset exists that is given positive weights under the imagined
CAPM economy; such inclusion drives the optimal solution under the CAPM sub-optimal in the reduced
net return investment set, owing to greater trading cost.
8 However, the feasible solution in their model is also applicable to the imagined CAPM economy, provided
prices are exogenously determined. The other notable assumption in their OLG model is that the illiquidity
discount incurred by the terminal period agents is revealed in the cost of selling. They described that
6
7

i

agents can buy at Pt but must sell at

Pt i  C ti

(page 379), where

Cti

is the cost of selling an asset.
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Et ( Rti1  Cti1 ) Ot E inet ,
where Ot

Et ( Rtm1  Ctm1 ) and E inet

(3)

Covt ( Rti1  Cti1 , Rtm1  Ctm1 )
.
Vart ( R m  C m )

The proposed model will converge to CAPM: (i) in the absence of illiquidity related
costs (ii) if the rank of an imagined CAPM opportunity space given the constraints is
equal to the proposed model rank; and (iii) if the reduced investment set is an efficient
subset of the imagined CAPM economy and shares the same solution space. The
simplified one-period model improves the Acharya and Pederson (2005) OLG model
for the endogenous determination of asset prices and the determination of total trade
cost. The proposed model should be considered an abridgment of CAPM theory
designed to ameliorate its limitations while allowing for liquidity-related costs (risks).
net
Equivalently, we can decompose E i into CAPM beta and three illiquidity related betas
such that the unconditional representation of equation (3) expands to:

E(Ri )

§ Cov( R m , R i )
Cov(C m , C i )
Cov( R i , C m )
Cov(C i , R m ) ·
¸.



E (C i )  O ¨¨
m
m
m
m
m
m
m
m ¸
© Var ( R  C ) Var ( R  C ) Var ( R  C ) Var ( R  C ) ¹

(4)
Equation (4) shows that expected excess returns are sensitive to the expected level of
liquidity market risk and the three liquidity beta risks. The purport of equation (4) is to
i1
i2
i3
i4
adjust E , the market beta, with the other illiquidity-related betas – E , E , and E
– such that the excess returns on liquid and illiquid assets match what we observe in
the market. Arguably, the illiquidity-related betas increase (or decrease) the exposure
of the expected returns on illiquid assets (or liquid assets) while accounting for the
systematic risk of liquidity. The empirical estimation of the model is executed assuming
all that investors have a one-month trading horizon. 9 The model risk premium, for
using proportional illiquidity costs, is not precisely the excess net market return, as in
Acharya and Pederson (2005), but is rather a proportional measure yielding relative
risk premia. The model risks can be estimated with the constrained price of risk as
implied in equations (4) and (5) under restriction, such that ߣଵ = ߣଶ = ߣଷ = ߣସ. The
success of the proposed model, in reducing equilibrium mispricing, is estimated with
the following specification:

E ( R i ) D \ i E (C i )  OE i1  OE i 2  OE i 3  OE i 4 .

(5)

In equation (5), E i1 is a CAPM related beta, whereas the other three betas are liquidity
related. All of these betas signify liquidity risks that have been studied extensively in
the literature. The unconstrained estimation of equation (5) enables us to analyze all of
the liquidity risks and the liquidity level under a simple model. We refer to Acharya and
Pederson (2005) for a detailed discussion of the economic intuition behind the
different liquidity betas. First, liquidity beta E i 2 is associated with the commonality in
assets and aggregate market illiquidities. The initial studies arguing for the effects of
commonality in illiquidity are from Chordia et al. (2002) and Hasbrouck and Seppi
(2001), among others. Second, liquidity beta E i 3 is studied extensively, for example, by
9 Otherwise, in the real world, the holding period is preference dependent, where illiquid stocks with
higher associated transaction costs are typically traded less frequently, and long positions are maintained
relative to the liquid counterparts.
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Amihud (2002) and Pastor and Stambaugh (2003) for the U.S. market. This beta
captures the notion of flight to liquidity. 10
The last liquidity beta E is related to covariance between asset illiquidity and market
returns. If an asset’s illiquidity decreases when aggregate market returns decrease;
becomes easier to trade under tight market conditions when overall wealth is
depressed, then investors settle for lower expected returns on them for hedging
purposes in equilibrium. This illiquidity beta was first tested by Acharya and Pederson
(2005) for the U.S. market and reportedly has the most pronounced impact relative to
other illiquidity risks. These illiquidity betas are estimated by considering the liquidity
risk arising from the overall transaction cost:
i4

E i1

Cov ( Rti , Rtm  Et 1 ( R m ))
.
Var ( Rtm  Et 1 ( Rtm )  C tm  Et 1 (C tm )

@

(6)

E i2

Cov(C ti  Et 1 (C tt ), C tm  Et 1 (C m ))
.
Var ( Rtm  Et 1 ( Rtm )  C tm  Et 1 (C tm )

(7)

E i3

Cov( Rti , C tm  Et 1 (C m ))
.
Var ( R  Et 1 ( Rtm )  C tm  Et 1 (C tm )

(8)

E i4

Cov(C ti  Et 1 (C tt ), Rtm  Et 1 ( R m ))
.
Var ( Rtm  Et 1 ( Rtm )  C tm  Et 1 (C tm )

(9)

>

>

>

m
t

>

@

@

@

We rely on the constancy of beta (or covariance) risks estimated directly from the data
using equations (6) to (9). Generally, asset-pricing models use the beta risks estimated
from the first-stage time series regressions that are subsequently required to explain
the cross-sectional return variations in the second stage regression to command
significant risk compensation. However, the betas given in equation (5) with the
imposed theoretical structure are not estimable through the first stage time series
regression, the otherwise standard method. Nevertheless, directly estimating liquidityrelated betas maintains the intuitive appeal of the manner in which betas are generally
calculated and captures the illiquidity-related risks operating through different
channels.

The flight to liquidity, as noted by Amihud (2002), or shock to expected market illiquidity raises the
prospect of higher expected illiquidity, which should be compensated with higher expected returns.
Acharya and Pederson (2005), in addition to the above explanation, suggested that the negative premium

10

for E is also consistent for stocks that hedge for bad times. They further explained that stocks having
higher returns when market illiquidity is higher generate consumption in periods when it is highly
desirable. Investors settle for lower returns on such stocks under liquid market states of the world. They
also assign negative risk prices to poor timer (providing higher returns when marginal utility for
consumption is also high) stocks along with good timer (providing high returns when marginal utility for
i3

consumption is low) stocks for bearing this covariance risk. For the U.S. market, E is priced risk as
reported by Pastor and Stambaugh (2003); it explains a significant proportion of the higher realized return
on the most illiquid portfolio, which is left unexplained by the three factor models of Fama and French
i3

(1993). Vaihekoski (2009) also reported that E is significantly priced in the Finnish market while using a
value-weighted, spread-based transaction cost measure.
i3
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3

DATA

Numerous studies suggest that illiquidity risk is present for assets with returns that are
a function of illiquidity and use illiquidity-based characteristic test portfolios (Amihud,
2002; Acharya & Pederson, 2005; Pastor & Stambaugh, 2003). Acharya and Pederson
(2005) reported that the results from an illiquidity-adjusted CAPM do not corroborate
the findings on liquidity risk priced using non-illiquidity based (size-BM) portfolios.
However, Lesmond et al. (2004) and Sadka (2006) indicated that illiquidity is a
systematic risk and remains persistent even for momentum and post-earningsannouncement (non-illiquidity) based characteristic portfolios.
The first problem with testing the illiquidity effect in the Finnish market concerns the
limited number of listed stocks compared to other developed markets. This limitation
constrains the study to a large cross-section of portfolios with respect to a particular
stock characteristic. Therefore, based on prior period sorting criteria, for each month
we divide the available stocks into five quintile portfolios using five different stock
characteristics. The asset characteristics related to illiquidity are the zero measure
(Lesmond et al., 1999), size, and price inverse (PI) ratio. The rest are generated using
prior year rolling average returns and book-to-market (BM) ratios. First, the
availability of 25 characteristic portfolios enables the study to report the relative role of
illiquidity in pricing illiquidity and non-illiquidity test portfolios. Second, it provides an
adequate number of test portfolios for the statistical power of cross-sectional tests.
Prior to constructing of test portfolios, data are retrieved from DATASTREAM from
January 1994 through May 2009. 11 We prefer monthly information sorting criteria for
ranking the characteristic stock returns. This method increases the informational
content (Vaihekoski, 2004) and provides a monthly partition of the data for illiquidity
related and other available sorting criteria, such as previous year average returns. 12
Only the BM-ratio portfolios are ranked on the year-end information. The retrieved
stock prices are adjusted for dividends, splits, and other cash payouts.
The first five portfolios are sorted on the basis of the previous month’s incidences of
zero returns (zero measure onwards) for all available firms. The quintile portfolio
increases in the zero measure; that is, L-1 is the portfolio containing the 20 percent of
the partitioned stocks with the lowest value for the percentage zero return days.
Subsequently, L-2, L-3, L-4, and L-5 are increasing in the relative illiquidities, similar
to the relationship between L-1 and higher zero incidences. In a similar fashion, the size
and the stock’s PI ratio-based quintile portfolios are generated based on the prior
month’s firm capitalizations and PI ratios, respectively. 13 The chronological order for
the size quintiles is such that S-1 represents the smallest capitalized firms, and S-5
contains the firms with the highest capitalization in the data. The price inverse
Before 1994, the number of stocks was too low and the Finnish market suffered from a severe recession.
Therefore, the constructed portfolios using data before 1994 may have assigned excessive importance to
the returns of only a few stocks with a stock-like variability during the recession (initial) period of the
sample. For this reason, the models are estimated from January 1994 onwards to avoid substantial stock
specific patterns in the testing portfolios and, subsequently, in the overall analysis.
12 However, using yearly sorting may not change the overall results because illiquidity is a persistent
characteristic, and an illiquid asset is likely to be illiquid at monthly or yearly frequencies. Brennan and
Subramanyam (1996) assumed one-year illiquidity estimates to be constant for the three subsequent years
in their study.
13 The size and PI ratio based test portfolios have been extensively used in the literature to proxy for
illiquidity related characteristics. Amihud (2002) use size portfolios to determine the illiquidity premium.
While the price inverse ratio is suggested by Brennan and Subrahmanyam (1996) because illiquid stocks
generally have lower prices compared to liquid stocks.
11
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Table 1 Relation of Size with other Factors
The results are based on monthly measures of different (il)-liquidity measures, price inverse ratio, BM
ratio and rolling average of the previous 11 months in correspondence with five size quintiles. Each size
quintile increases in order, with each succeeding one having 20% of firms with higher capitalization than
preceding percentile, making first percentile comprised of the lowest 20% capitalized firms and fifth
quintile as composed of top 20% capitalized firms . Zero measure is proportion of zero returns over total
available tradable days in any month for the firms falling into particular size quintile. Amihud is the ratio
of absolute return of any firm over traded volume in Euro, which gives an impact of one Euro traded on the
stock’s daily absolute return, this measure is then averaged for any given month for the firms falling into
particular quintile. Turnover is a monthly sum of daily ratio of equity value traded and number of shares
outstanding for all firms falling into particular quintile. Similarly PI is price inverse ratio, BM is book to
market ratio and Momentum is is an average of last 11 monthly returns, all of these measures are monthly
and calculated for the particular size quintile.

Size
Quintile

Zero
Measure
(%)

Price
Impact (%)

Turnover
(%)

PI
Ratio (%)

1
2
3
4
5

57.40
42.00
31.07
22.68
11.13

7.26
1.17
0.52
0.09
0.03

2.41
2.57
2.71
3.68
6.21

185.86
51.93
27.61
19.30
12.44

Momentu
m
(%)
0.70
1.4
1.3
1.3
1.7

BM
Ratio
1.91
1.51
1.54
1.48
1.73

portfolios are such that PI-1 contains the highest priced 20 percent of the stocks, and
PI-5 represents the lowest priced 20 percent of the stocks.
Subsequently, we construct the 10 non-illiquidity-based portfolios. The five momentum
portfolios are constructed employing the standard practice in the literature. The
previous eleven-month rolling average returns (excluding the most recent monthly
return) are estimated each month across all stocks and are then used to create five
momentum partitions, iteratively. The generated portfolios indicate that each
succeeding quintile contains the firms for which the previous eleven month rolling
average returns are higher than the preceding quintile; that is, M-1 are the loser stock
portfolios, and M-5 are the winner stock portfolios. For the construction of the BM
portfolios, we rank the next year’s stock returns into five portfolios, which are
increasing in the BM ratios; that is, BM-1 represents growth (overpriced) stocks, and
BM-5 are value (underpriced) stocks.
We use equal weighting for portfolio returns and portfolio-specific illiquidity measures
for the Finnish market. Numerous liquidity-related studies have followed the equal
weighting scheme for the test portfolio. The selection of equally-weighted portfolios is
even more relevant for the Finnish market (Butt & Virk, 2012), as the capitalized
portfolios severely suffer in the presence of few large firms. Therefore, the empirical
analysis with the value-weighted portfolios may miss the liquidity effect altogether,
which is usually pronounced for small firms.
3.1.

The (il)liquidity measures for the Finnish market

Generally, a proxy measure for transaction costs is deduced by either using daily return
alone or by using daily return in conjunction with daily volume. Thus illiquidity
measures constructed from the daily observable data fall into two categories; either the
measure is a proxy for effective spread or a proxy for price impact.
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The first measure of illiquidity used in the study is the zero measure, which was
proposed by Lesmond et al. (1999). They report that the measure proxies for the bidask spread such that the firms for which the relative frequency of zero return days is
higher generally also have subsequently higher bid-ask spreads. Therefore, the premise
of the zero measure is that higher incidences of zero return days for any firm proxy for
higher illiquidity. This is because investors holding an asset may only trade it when the
anticipated profit from trading exceeds the associated transaction costs. Thus, higher
transaction costs relative to marginal gains lead to zero return days and reflects the
illiquidity inherent in the stock. The construction of the zero measure is begun by
recording the frequency of the zero return days in a month across all stocks. Then, for
each stock we take a simple ratio of the zero return days in a given month over the total
number of trading days in that month:
Zero Measure = Number of days with zero return / Total number of trading days
The underlying simplicity of the proposed measure enables us to construct the longest
possible illiquidity series for the Finnish market. 14 The zero measure accommodates all
of the assets in the sample, which might have been omitted under some other proxy
measure of illiquidity because they require additional requirement, such as traded
volume and type of trade.
The second measure of illiquidity is volume related and measures the response of
absolute return to unit traded Euro volume for a particular stock, as proposed by
Amihud (2002). The proposed measure follows Kyle’s (1985) concept of illiquidity,
which appears due to asymmetric information between market makers and market
participants and is usually higher for illiquid stocks. The underlying intuition suggests
that the volume sensitivity measure captures the impact of traded order size on returns
that actually occur in high frequency data, for instance, at five-minute trading intervals.
The measure is constructed provided that the traded volume for a particular stock is
available. Consequently, the absolute return Rimd on stock i on day d of month m is
divided by the traded volume (in euros) for the corresponding day VOLDimd in the
same month such that Rimd / VOLDimd . The daily traded volume in euros is the number
of shares traded for stock i multiplied by the stock price at the end of the day. The
measure provides the absolute return change per Euro traded, or the daily price impact.
If a stock is illiquid, then it would have less depth and resilience and will be highly
affected by per Euro traded volume relative to a liquid stock. Therefore, for illiquid
stocks, the estimated monthly ILLIQ should be higher than for liquid stocks. We
estimate the monthly measure such that:
Dim

ILLIQim

1 / Dim ¦ Rimd / VOLDimd ,

(10)

t 1

where Dim is the number of trading days for stock i in any month m.

14 Bakaert et al. (2007) estimated the turnover for all emerging markets to determine its relationship with
the zero measure; they reported that the zero measure is negatively related to turnover. Therefore, we also
estimate the turnover for all the stocks, which is the ratio of the shares traded to the number of shares
outstanding.
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The calculated average monthly illiquidity AILLIQm is the average price impact of the
traded volume sensitivities across Finnish stocks:
Nm

AILLIQm

1 / N m ¦ ILLIQim ,

(11)

t 1

where N m is the number of stocks in a month. Amihud (2002) placed few restrictions
on the construction of the price impact measure. For instance, illiquidity is calculated
for stocks that are traded on at least 15 days in a month. By imposing similar
construction constraints as Amihud (2002), this measure remained available for only
40 percent of the stocks in the Finnish market. To increase the number of assets for
which we could estimate price impact based illiquidity, the restrictions are waived.
We also estimate monthly market illiquidity while imposing all of the restrictions in
Amihud (2002) and find that, compared to the unrestricted measure, the restricted
measure only provides approximations for the (relatively) liquid stocks in the Finnish
market. Furthermore, we assume that the unavailability of traded volume for more
than 15 days may not change the stock illiquidities substantially as measured with the
available volume, even if the (non-reported) volume was available. A lack of trading for
a stock for a considerable number of days is still suggestive of increased illiquidity
(Lesmond et al., 1999) and is a candidate for inclusion in the Amihud (2002) price
impact measure.
Moreover, Bakaert et al. (2007) also measured illiquidity using the relative frequency of
the length of non-trading days compared to trading days in a month. However, stocks
trading both infrequently or after long intervals exhibit inherent stock illiquidity,
although the latter displays a severe form of illiquidity. Therefore, by waiving the
restrictions in Amihud (2002), the unrestricted price impact measure still measures the
illiquidity of an asset by accommodating Lesmond et al. (1999) and Bakaert et al.
(2007). Therefore, waving restrictions may help to capture additional illiquidity-related
information with the price impact measure.
Whether the above measures of illiquidities are related to the transaction costs
associated with trading assets has yet to be determined. An indirect test suggested in
the literature argues that the transaction cost is inversely related to the size of the firm.
Empirical evidence establishing this relationship is presented by Demsetz (1968),
Benston and Hagerman (1974), Copeland and Galai (1983), and Roll (1984).
Accordingly, Lesmond et al. (1999) used inverse firm size as a measure of transaction
cost and reported decreasing proportions of zero return days for the firms in the higher
size deciles. Similarly, high turnover is related to stocks with higher liquidity. If the
illiquidity measures are appropriate proxies for transaction costs, the candidate proxy
may also decrease relative to size and vice versa. To confirm this hypothesis, we divide
all of the stock returns into five size quintile portfolios. Subsequently, we calculate the
respective illiquidity measures and other associated features for all of the available
stocks in the partitioned portfolios. We also estimate the previous 11-month rolling
average returns and BM ratios for the size portfolios. The associated characteristics of
the five size portfolios are calculated on a monthly basis, and the illiquidity-based
features are the averages from the daily values in a month across the sample. The
relationship is shown by the key statistics (equally weighted) presented in Table 1.
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Figure 1 Finnish market excess returns through 1994-2009
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Figure 2 Amihud measure of illiquidity for the Finnish market 1994-2009
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Figure 3 Zero measure of illiquidity for the Finnish market 1994-2009

The results suggest that the findings support the relevant literature on illiquidity in the
case of the Finnish stock market. The measures of illiquidity, that is, the zero measure
and price impact measure, decrease monotonically across size quintiles. Furthermore,
turnover increases in size as expected, such that lesser transaction costs are associated
with larger firms. We also observe that the price inverse ratio of stocks decreases in
size, such that large firms also have high stock prices. The noted features are an indirect
indication of the higher transaction cost of the illiquidity portfolios, which consist of
higher zero return, higher price impact, higher PI ratio, and low turnover stocks; the
inverse also holds.
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We do not observe any explicit increase or decrease in either previous 11 month rolling
averages for the size portfolios or in the BM ratios. This finding suggests that there is
no momentum and BM ratios based growth in the size portfolios to proxy transaction
cost attributes, as shown in Table 1. Importantly, the statistics in Table 1 demonstrate
that the zero measure and price impact measure are empirically related to transaction
costs. Moreover, the table also shows that the 15 test portfolios on the zero measure,
price impact, and price inverse ratios are candidates for illiquidity portfolios 15, whereas
the momentum and BM ratio portfolios could be regarded as non-illiquidity portfolios.
3.2. Illiquidity of the Finnish market
Because illiquidity is a primary characteristic of any small market, understanding how
illiquidity evolves over time in Finland is important. Figure 1 plots market excess return
and Figures 2 & 3 plot the series of price impact and zero measures for aggregate
market liquidity during 1994–2009. Periods of illiquidity and liquidity are evident in
the Finnish market. The periods spanning 1994–1996 and 2008–2009 exhibit clear
patterns of increased illiquidity such that the absolute return impact of one Euro traded
is exaggeratedly higher than the remaining (calm) period in the sample. Otherwise, the
market is quite liquid during 1996–2007, when the market (absolute) return shows an
impact of only 0.012 € for one Euro traded, on average, whereas the price impact
estimate increases to 0.070 € in the full sample, which is nearly six times higher than
the estimate for the calm period. The difference conveys an impression of higher
illiquidity for the total sample period.
When the market is most liquid, we find that, especially for Nokia, the return impact of
one Euro traded is as low as 2.1x10-7. Vaihekoski (2009) also reported that the bid-ask
spread for Nokia was 0.2 percent during his period of study. The use of the zero
measure highlights similar patterns in illiquidity across samples but in a less vigorous
manner than the Amihud measure. We divide the zero measure illiquidity series into
three subsamples on the basis suggested by the results for the Amihud (2002) price
impact measure in Figure 2. We report increasing incidences of zero return days during
1994–1996 and 2008–2009, as indicated by the steepness of the relevant trend line.
The increased incidences of zero return days are a sign of increasing illiquidity. The
trend lines for aggregate market return and market liquidity (both) show market
premium, across samples, is constant when market liquidity is high. Whereas, for
periods when market is short on liquidity, the trend in market show aggregate premium
is on increase. This variation (in aggregate liquidity) can be argued to capture discount
rate fluctuations for expected returns in good and bad times.
Generally, turnover, or volume, also increases when the market faces an illiquidity
shock, as some investors are likely to be bound by their liquidity constraints, and thus
they sell at lower prices. The traded prices may result in reduced zero returns. If these
conditions are left unconsidered, then the impact of such volume on prices, in
approximating illiquidity as with the zero measure, may generate a false sense of
liquidity when illiquidity occurs. However, this conjecture cannot account for actual
activity, such as how many investors under such illiquidity shocks hit their liquidity
constraints and how many investors can hold on to their asset holdings. Therefore, we
presume that the Amihud measure is sufficiently robust to capture the greater impact

The correlation matrix for the return structure on these 15 illiquidity related portfolios can be provided
upon request.
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Table 2

Properties of portfolios with liquidity betas calculated by zero measure

Table 2 reports properties of 25 equally weighted portfolios formed monthly for the period from 1994 to
2009 on the basis of different characteristics. First five portfolios are based on measure of illiquidity
constructed by number of zero returns in a month for a given firm. Each succeeding portfolio consists of
20% of firms with higher number of zero returns. This construction of portfolio for illiquidity also guides
formation of other portfolios with different characteristics which in the order of Table are as, L represents
illiquidity, S represents Size, P represents price inverse ratio, M represents momentum and lastly BM
represents book to market ratio portfolios. ǃi1 is usual market beta whereas, ǃi2 , ǃi3 and ǃi4 illiquidity
based betas, these betas are calculated using equation (6), (7),(8) and (9). E(Li) , E(Ai) , E(TOi) are the
expected illiquidity calculated from Lesmond zero measure of illiquidity, Amihud measure of price impact,
and turnover. Size shows average market capitalization of each portfolio and E (Re) is average gross
returns.

Portfoli
os
L-1
L-3
L-5
S-1
S-3
S-5
P-1
P-3
P-5
M-1
M-3
M-5
BM-1
BM-3
BM-5

ǃi1
(.100)
60.13
(6.83)
49.79
(8.82)
66.71
(4.36)
68.85
(7.13)
52.69
(7.82)
52.13
(6.47)
48.88
(6.94)
48.11
(8.07)
83.33
(8.01)
65.96
(6.59)
44.11
(7.86)
61.94
(6.34)
60.11
(7.81)
59.01
(6.89)
57.47
(5.97)

ǃi2
(.100)
26.76
(5.70)
45.10
(7.89)
29.81
(6.14)
35.10
(7.10)
38.18
(6.60)
29.64
(6.08)
37.67
(6.97)
37.72
(6.82)
33.74
(6.63(
34.28
(6.68)
40.24
(6.64)
37.24
(5.63)
40.28
(8.63)
37.21
(6.46)
28.63
(5.43)

ǃi3
(.100)
-7.53
(-0.39)
-11.02
(-2.01)
-22.56
(-1.74)
-21.38
(-2.18)
-12.32
(-2.68)
-3.50
(0.17)
-5.11
(-0.32)
-10.79
(-1.44)
-23.54
(-2.19)
-13.18
(-2.32)
-9.83
(-1.65)
-12.26
(-1.53)
-13.26
(-2.73)
-13.74
(-1.14)
-10.41
(-1.02)

ǃi4
(.100)
5.78
(2.82)
-3.62
(0.18)
-7.59
(-0.52)
-7.54
(-0.97)
-4.81
(0.19)
6.20
(1.85)
-2.42
(0.09)
-2.45
(0.22)
-7.54
(-1.10)
-0.97
(0.51)
-2.47
(0.23)
-1.70
(0.06)
-8.89
(-0.75)
-3.52
(0.23)
6.48
(1.98)

E(Li)
(%)
12.16

E(Ai)
(,1000)
0.71

E(TOi)
(%)
5.95

Size
Ml.€
3703.9

E (R)
1.009

29.84

4.26

3.12

277.82

1.011

67.10

85.29

1.54

39.26

1.022

57.40

72.61

2.41

13.07

1.020

31.07

5.21

2.71

139.67

1.014

11.13

0.27

6.21

5090.6

1.010

20.82

1.36

4.87

3668.6

1.004

31.87

5.55

3.18

405.19

1.013

46.99

76.52

2.96

93.15

1.026

35.55

25.80

3.76

891.13

1.008

31.85

17.72

3.35

951.74

1.010

32.12

34.36

4.16

2038.9

1.021

26.18

6.36

3.88

3336.3

1.003

35.45

14.57

3.53

698.15

1.015

35.26

72.44

2.88

619.05

1.018

of illiquidity under the dynamic market conditions for which the zero measure of
illiquidity is not as effective.
Furthermore, to illustrate the point that the Finnish market is more illiquid than many
large capitalized (developed) markets, we rely on the illiquidity estimates from studies
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on the U.S. market. The reported price impact measure for U.S. stock returns in
Amihud (2002) is 3.37x10-7 with a standard deviation of 5.12x10-7. 16 Under similar
criteria for the Finnish market, which stipulate that a stock is traded at least for 200
days in a year and has a price above five Euro, generates in an annual mean price
impact of 3.79x10-4 for all firms with a standard deviation of 5.69x10-4. The comparable
sample (1993–2005) price impact measure for the U.S. market is 6.31x10-6 with a
standard deviation of 9.12x10-7, as provided in Goyenko et al. (2009). 17 The comparable
estimates show that the Amihud (2002) measure for the U.S. markets is significantly
lower than the corresponding Finnish market estimates.
Goyenko et al. (2009) also calculated the average zero measure for the U.S., which is
14.3 percent with a standard deviation of 14.7 percent, whereas the corresponding zero
measure for the Finnish market is 33.15 percent with a standard deviation of 8.5
percent in the full period. The average zero measure for the Finnish market is
comparable to the average zero measure for nineteen emerging markets, as reported in
Bekaert et al. (2007). The reported zero measure for the emerging markets is 30.8
percent with a standard deviation of 13.5 percent for the time period ranging from 1987
to 2003. This result indicates that, regarding liquidity measures, the Finnish market is
too illiquid relative to the U.S. market and is similar to emerging markets in terms of
the zero measure. The illiquidity characteristics and the hybrid nature of the Finnish
market make the empirical contribution of the study more interesting and relevant. 18

See Table 1 in Amihud (2002) for the U.S. market price impact measure descriptive statistics during
1963–1999.
17 Table 1 panel A and panel D in Goyenko et al. (2008) provided detailed descriptive statistics for the price
impact measure and percentage zero measure for the U.S. market for 1993–2005, respectively. For the
Finnish market, the corresponding estimates of the price impact measure and zero measure, in a similar
period to that employed by Goyenko et al. (2008), are 3.84x10-4 with a standard deviation of 6.36x10-4 and
36 percent with a standard deviation of 4.31 percent, respectively.
18 The Finnish stock market is a developed marketplace that is included in the MSCI global. Yet the Finnish
market shares the illiquidity features of emerging markets.
16

81

4

ESTIMATION PROCEDURE

In this section, we estimate the equally weighted monthly portfolio illiquidities using
the zero measure and price impact measure. We proceed in sections. First, in section
4.1, we discuss performing the monthly innovation in the illiquidity series of the testing
portfolios and the market portfolio. Additionally, we also retrieve the innovation series
in the monthly market returns. The estimation of the models proposed in section 2
employs four betas. The beta risks are directly estimated from the innovations series in
section 4.1 using equations (6), (7), (8), and (9). The calculated beta risks are
subsequently used for the calculation of the liquidity-adjusted net beta series. We
analyze the properties of the estimated betas in section 4.2, in conjunction with the
expected excess returns for the 25 test portfolios. 19 In section 4.3, we estimate our
model equations (3) and (5) and numerous nested specifications for the sample from
1994:01 to 2009:05. Then, in section 4.4, we test all the specifications for the illiquidity
portfolios alone. Finally, in section 4.5, we check the robustness of the illiquidity
specification across the samples.
4.1.

Testing portfolios and innovation in return and illiquidity series

We use innovations instead of original series in our empirical analysis because the
literature indicates that liquidity is predictable; an illiquid portfolio is expected to be
illiquid for a considerable length of time. Moreover, employing innovations also
circumvents the stationarity issues, given the high persistence in the levels of illiquidity
series. The innovations in illiquidity are gathered by imposing ARMA structures of
varying order in (p, q), where p is the lag length for the autoregressive term, and q is
the lag length of the moving average term:

Lit

p

q

i 1

i 1

c  ¦ ) i Lit i  ¦ 4 i H tii  H ti .

(12)

Lit is the expected level of illiquidity of each test portfolio and market portfolio. The
innovations in the asset-specific illiquidities are collected for both measures of
illiquidity. We also collect innovations in the aggregate market illiquidity and market
return series. In imposing the ARMA structure across all illiquidity series, we ensure
that no predictability remains in the respective innovation series. We retrieve
innovation
in
the
market
return:ܴ,௧ାଵ = ܿ + ߶ܴ,௧ + ߮ଵ ܵܤܯ௧ + ߮ଶ ܮܯܪ௧ +
߮ଷ ܳܫܮܮܫܣ,௧ + ߮ସ ܼܱܴܵܧ,௧ + ߮ହ ܱܶ,௧ + ߝ,௧ାଵ . The estimation of shock series to the
market portfolio return series takes all the explanatory variables available at the end of
last period. The explanatory variables included in the regression as first lag of market
return series, size (ܵ )ܤܯand value( )ܮܯܪfactors of Fama and French (1993), aggregate
liquidity measures of Amihud (2002, )ܳܫܮܮܫܣ, Lesmond et al. (1999, ܼ )ܱܴܵܧand
turnover (ܱܶ). The inclusion of 2nd lag for market return produces little improvement
in the explanatory power. Subsequently, the illiquidity related betas are calculated
using innovations in portfolio and market illiquidity series.

19 We use the monthly returns on the one-month EURIBOR rates from the beginning of January 1, 1999
and for the earlier period to match the sample in the study, which is completed with the one-month
HELIBOR rate, available from the Bank of Finland.

82

Table 3

Properties of portfolios with liquidity betas calculated by price impact measure

Table 3 reports properties of 25 equally weighted portfolios formed monthly for the period from 1994 to
2009 on the basis of different characteristics. First five portfolios are based on measure of illiquidity
constructed by number of zero returns in a month for a given firm. Each succeeding portfolio consists of
20% of firms with higher number of zero returns. This construction of portfolio for illiquidity also guides
formation of other portfolios with different characteristics which is order of Table are as, L represents
illiquidity, S represents Size, P represents price inverse ratio, M represents momentum and lastly BM
represents book to market ratio portfolios. ǃi1 is usual market beta whereas, ǃi2 , ǃi3 and ǃi4 illiquidity
based betas, these betas are calculated using equation (6), (7),(8) and (9). E(Ci) , E(Ai) , E(TOi) are the
expected illiquidity calculated from Lesmond zero measure of illiquidity, Amihud measure of price impact,
and turnover. Size shows average market capitalization of each portfolio and E (Re) is average gross
returns.

Portfoli
os
L-1
L-3
L-5
S-1
S-3
S-5
P-1
P-3
P-5
M-1
M-3
M-5
BM-1
BM-3
BM-5

ǃi1
(.100)
63.48
(9.34)
52.56
(9.48)
70.43
(3.54)
72.68
(5.46)
55.62
(10.01)
55.03
(8.47)
51.59
(8.98)
50.79
(9.69)
87.97
(6.24)
69.63
(7.74)
46.56
(8.28)
65.38
(7.08)
63.45
(8.13)
62.29
(6.04)
60.66
(8.22)

ǃi2
(.100)
0.00
(0.57)
0.19
(1.18)
70.37
(1.52)
58.39
(1.56)
0.22
(1.06)
0.02
(-0.07)
0.08
(0.39)
0.21
(2.02)
63.00
(1.47)
13.27
(1.44)
43.32
(1.05)
18.93
(1.39)
1.31
(2.61)
1.75
(2.31)
128.05
(1.18)

ǃi3
(.100)
-9.08
(-4.58)
-13.93
(-3.70)
-10.05
(-4.19)
-9.93

(-3.20)
-12.26
(-3.39)
-10.57
(-4.39)
-10.80
(-4.03)
-11.37
(-4.19)
-10.80
(-3.16)
-12.19
(-2.95)
-9.88
(-3.55)
-11.56
(-3.78)
-11.30
(-4.09)
-11.11
(-4.56)
-11.64
(-5.43)

ǃi4
(.100)
0.05
(0.59)
-0.92
(0.04)
-13.80
(-1.45)
-11.32
(-1.51)
-0.33
(0.01)
-0.01
(-0.75)
-0.24
(-2.08)
-0.26
(0.01)
-10.47
(-0.64)
-3.87
(-0.26)
-7.24
(0.02)
9.20
(1.08)
-0.92
(-1.13)
-2.05
(0.07)
-35.65
(-1.47)

Size
Ml.€
E (R)
3703.9 1.009

E(Ci)
(%)
12.16

E(Ai)
(.1000)
0.71

29.84

4.26

3.12

277.82

1.011

67.10

85.29

1.54

39.26

1.022

57.40

72.61

2.41

13.07

1.020

31.07

5.21

2.71

139.67

1.014

11.13

0.27

6.21

5090.6

1.010

20.82

1.36

4.87

3668.6 1.004

31.87

5.55

3.18

405.19

1.013

46.99

76.52

2.96

93.15

1.026

35.55

25.80

3.76

891.13

1.008

31.85

17.72

3.35

951.74

1.010

32.12

34.36

4.16

2038.9

1.021

26.18

6.36

3.88

3336.3

1.003

35.45

14.57

3.53

698.15

1.015

35.26

72.44

2.88

619.05

1.018

E(TOi)
(%)
5.95

83

4.2. Liquidity related betas over time
We present the descriptive statistics for the test portfolios and the key characteristics
and estimated beta risks in Table 2 and Table 3 for the initial analysis using the zero
and price impact measures, respectively.
First, as shown in Table 2, the illiquidity-based test portfolios provide adequate results
in terms of sharing key illiquidity characteristics, similar to the size portfolios, as
presented in Table 1. The expected portfolio illiquidities estimated with the zero and
price impact measures are given under the headings E(Li) and E(Ai), respectively. The
estimated illiquidities are increasing in the odd numbered illiquidity and PI portfolios
and show pertinence of illiquidity across the portfolio returns, whereas for size related
portfolios both illiquidity measures are decreasing in the capitalization of size
portfolios. 20 Moreover, the portfolio expected turnovers, E(TOi), decrease as the
illiquidity of the portfolios increases.
The average illiquid portfolio returns are higher than those of the liquid portfolios.
Importantly, the previous month’s zero measure sorting produces a wide spread in the
extreme portfolio returns. The annual return differential between the most illiquid
portfolio (L-5) and liquid portfolio (L-1) is approximately 15.37 percent. 21 This result
highlights the greater illiquidity effect in the Finnish market. A similar return
differential for the odd numbered momentum portfolios is also present, and the annual
return difference between winners (M-5) and losers (M-1) is approximately 15.6
percent, although the average illiquidity levels captured in columns E(Li), E(Ai), and
E(TOi) are not precisely co-correspondent. The varying illiquidity characteristics imply
that the portfolios with approximately equal return differentials are not necessarily
holding similar firms such that the proposed model is not estimated with redundant
test portfolios.
Larger per annum gross return differentials are noted for PI (26 percent) and BM (18
percent) portfolios. The lowest return differential is observed for size portfolios (S-1
minus S-5), which still average a substantial 12 percent per annum, importantly with
visibly different characteristic patterns than the others. This result reinforces our
motivation for sorting portfolios based on five stock characteristics, given the
limitations of the Finnish stock market, such that the Lewellen et al. (2010) criticism of
the success of asset-pricing models is incorporated to address numerous related issues.
The reported statistics regarding the three illiquidity betas in Table 2 show that the beta
risks are a function of the portfolio’s illiquidity level and increase in portfolio illiquidity.
Furthermore, the zero measure based illiquidity betas in Table 2 are monotonically
linked to the mean returns of the illiquidity portfolios, with the exception of the
i2
commonality risk E . Notably, the illiquidity portfolios exhibit substantial monotonic
sensitivity to E i 3 . It may be inferred that the most important illiquidity risk, in
explaining cross-sectional variations in the test portfolios, is captured by flight to
liquidity risk (Amihud, 2002) when quantified for the Finnish market. The most
i3
illiquid portfolio has a beta sensitivity of -22.56 for E , whereas for L-1 the beta
20 The results also hold for even numbered portfolios, but to conserve space the results are only presented
for odd numbered portfolios.
21 In Acharya and Pedersen (2005), in Table 1 column E (r e,p), the yearly difference between the most
illiquid and liquid portfolios, is 7.44 percent, which is approximately half the size if the corresponding
value for the Finnish market. This result also implies that liquidity compensation is large with respect to
the severity of illiquidity in the market.
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sensitivity is -7.53. The negative sign shows the effect of the flight to liquidity, where
positive shocks to market illiquidity further depress the contemporaneous returns on
the illiquid stocks; that is, illiquidity risk is negatively correlated with expected stock
returns.
The non-responsiveness of the non-illiquidity portfolios to liquidity risks is also
exhibited in Table 2. The illiquidity-related betas for the momentum and BM portfolios
do not have any monotonic sensitivity towards illiquidity beta risks. Because these
return differentials are not a function of the level of illiquidity, the liquidity-related
betas are also not increasing. We use the beta risks calculated from the full sample for
the model estimations, whereas the reported significance t-ratios are from the
estimated series of yearly betas across the sample years. To obtain the sampling
distribution for the beta risks, we calculate fifteen yearly beta risks across test portfolios
for each sample year (1994–2009). Subsequently, we estimate the sample standard
errors for each beta risk using the formula V T , where V is the standard deviation of
the yearly series of beta risks. Small differences are bound to emerge given the small
sample at hand. However, the full sample beta values and yearly mean betas converge
to similar levels. Furthermore, the means of yearly illiquidity related betas are also
increasing across portfolios’ illiquidities (results available upon request).
In Table 3, the analyses for model risks are reported with the price impact measure.
The only differences from Table 2 are in the four model beta risks. The reported beta
risks show that E i 3 is not noticeably increasing with the mean returns of the illiquidity
portfolios. However, E i 2 and E i 4 , in comparison to the zero measure based
corresponding liquidity betas, are increasing in the anticipated direction across the
illiquidity portfolios. Another notable difference is the monotonic relationship between
the price impact based illiquidity risks and BM portfolio average returns compared to
what we reported in Table 2. The monotonic increases across illiquidity beta risks are
such that value stocks show the largest price impact sensitivity compared to all other
test portfolios. The price impact sensitivity for BM portfolios is also larger for BM-1 and
BM-3 compared to the corresponding values for illiquidity portfolios L-1 and L-3
reported in column E(Ai) of Tables 2 and 3.
We also estimated the beta risks for the tranquil period, that is, the sample period
1996–2007, to compare the performance of illiquidity-related betas and the market
beta during different liquidity periods.22 Moreover, model equation (6) imposes the
restriction that the unconditional price of risk associated with all four beta risks
remains identical. However, establishing the theoretical separation among the model
risks in the empirical estimation of the model is a significant undertaking. 23 The
22 The estimated beta risks show that the price impact on returns is the lowest in the calm period. However,
the smoothness does not devoid the reported monotonicity of returns across portfolio mean returns in the
full sample. The zero measure based liquidity is also reduced but is not as smooth as that observed for the
Amihud measure. The calm period estimates for beta risks are not reported and are available upon request.
23 Generally, the pre-estimated model risks in equations (6), (7), (8), and (9) are highly correlated and pose
a serious concern regarding the empirical implications of the model. This collinearity is also conspicuous
for the U.S. market, as reported in Acharya and Pederson (2005). In the presence of such collinearity,
observing a distinguishable effect on the returns for each beta risk when taken together is difficult. We also
estimate the correlation structure across the yearly model risks (and the net beta risk, the results of which
are available upon request) for both the samples and the illiquidity measures. The cross-correlations (with
the zero measure) are less severe than correlations among beta risks reported in Acharya and Pederson
(2005). The correlations among price impact based betas are substantially larger than the zero measurebased risks and akin to the severe correlation structure provided in Acharya and Pederson (2005) using an
Amihud measure-based transaction cost proxy. The cross correlations are even higher in the tranquil
period. The correlation among zero measure based illiquidity risks with the market risk and net beta risk
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(unreported) correlation patterns among model risks demonstrate the empirical
obscurity confronted in tracing segregated illiquidity risks and, therefore, in testing the
implications of the proposed model requiring uncorrelated factor risks in the regression
analysis. Nonetheless, Acharya and Pederson (2005) estimated the unconstrained
(unequal) premia to track the (theoretically) segregated impact of each risk on the
cross-sectional return variations. They acknowledged that the empirical evidence is
weak.
Furthermore, they argued that models isolating the separate effects of liquidity or
liquidity risks can be reinterpreted as providing the overall specification effect.
Therefore, the most robust number is the overall model effect given the substantial
correlation among pre-estimated beta risks. With respect to the high correlations
among the model risks, the model with one of the most representative beta risks– the
one that is most highly correlated with all the remaining risks – could also be tested.
Ideally, the overall model effect should be manifested in net beta risk, i.e., E net,i .
However, due to empirical difficulties in estimating the beta risks, the overall effect
may also be manifested through some other channel of beta risk. 24 To alleviate the
difficulties of estimating an unconstrained model with four highly correlated beta risks,
we also explore nested model specifications that only consider a single beta risk at a
time, which are not reported in Acharya and Pederson (2005).
We hypothesize that different liquidity risks will demonstrate their pertinence to
explain the cross-sectional return differences through a particular illiquidity measure,
for hypothetically capturing different dimensions of liquidity. A similar conjecture can
also be drawn for differences in the monotonicity of illiquidity risks across the
illiquidity portfolio mean returns, as reported in Tables 2 and 3.
4.3. Model testing

We proceed with the estimation of the proposed models in equation (3) to the
equally testable model equation:

E ( R i ) D  \ i E (C i )  OE net ,i ,

(13)

where E net ,i E i1  E i 2  E i 3  E i 4 shows that the net beta E
is an overall market risk
when illiquidity risk is incorporated. The model in equation (3) is expressed in terms of
excess returns, which implies that the constant D should be zero. However, we
estimate equation (13) by allowing a nonzero constant for robustness. The estimations
using the zero measure of illiquidity in all 25 test portfolios are reported in Table 4. The
success of the model specifications is gauged under a joint criterion of higher crosssectional R2 and ability to suppress pricing errors (cross-sectional intercept).
net,i

follows a similar structure, as observed for the full sample. Generally, the correlation patterns show that

E i 3 could be as good as a proxy as E net,i

due to its substantial correlation with other beta risks to capture

an overall effect of illiquidity. We note that the overall illiquidity effect after

E

E net,i may also be proxied by

and E as implied by the cross-correlations pattern for the price impact measure based beta risks.
We expect that if this is the case, the overall effect should be better captured through one of the
illiquidity risks rather than the market risk due to the latter’s reported empirical difficulties (Fama &
French, 1992, 1993) in explaining different characteristic-based portfolio returns.
24
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i4
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Table 4

Equally weighted portfolios using zero measure of illiquidity

Table 4 provides estimates for the illiquidity related betas and market beta using cross-sectional regression
analysis for the period of 1994-2009. In panel A we estimate coefficients for all 25 test portfolios using
different variants of following relation between excess returns and explanatory factors

E ( R i ) D  \ i E (C i )  O1 E i1  O2 E i 2  O3 E i 3  O4 E i 4
net ,i
where E
E i1  E i 2  E i 3  E i 4 , the total of nine models

from above relation are estimated .In
panel B the cross-section regressions are performed for equally weighted 15 portfolios which are ranked
with some illiquidity related characteristics. The t-statistics is reported in parentheses and these are with
corrected standard deviation using Newey and West (1987) method with two lags. R2 is obtained for each of
the estimated model and adjusted R2 is reported in parentheses.

Constant

E(Ci)

ǃnet,i

ߚ i1

ǃi2

ǃi3

ǃi4

R2

-0.0282
(-0.83)
0.0347
(0.99)
0.0465
(1.01)

0.386
(0.359)
0.372
(0.345)
0.454
(0.404)
0.425
(0.400)
0.047
(0.006)
0.495
(0.473)
0.046
(0.005)
0.573
(0.487)
0.620
(0.520)

-0.0771
(-3.55)
-0.0019
(-0.09)
-0.0041
(-0.22)

0.530
(0.493)
0.819
(0.805)
0.819
(0.789)
0.751
(0.732)
0.059
(-0.014)
0.809
(0.795)
0.379
(0.332)
0.897
(0.856)
0.898
(0.842)

Panel A: equally weighted 25 portfolios.
1

0.0002
0.0282
(0.09)
(5.77)
2
-0.0130
0.0214
(-2.29)
(3.91)
3
-0.0092
0.0175
0.0123
(-1.08)
(1.69)
(1.19)
4
0.0120
0.0392
(-3.93)
(6.56)
5
0.0198
-0.0283
(2.12)
(-1.18)
6
0.0008
(0.59)
7
0.0087
(7.67)
8
-0.0047
0.0109
0.0002
(-0.61)
(0.92)
(0.01)
9
-0.0230
0.0257
0.0308
0.0203
(-1.30)
(1.08)
(1.50)
(0.67)
Panel B: equally weighted 15 illiquidity related portfolios.
1
2
3
4
5
6
7
8
9

0.0008
(0.50)
-0.0206
(-8.24)
-0.0202
(-6.96)
-0.0169
(-6.16)
0.0210
(1.55)
0.0001
(0.05)
0.0078
(9.12)
-0.0131
(-2.19)
-0.010
(-0.67)

-0.0756
(-7.44)

-0.0782
(-2.93)
-0.0067
(-0.11)

0.0267
(5.64)

0.0009
(0.17)

0.0288
(12.31)
0.0282
(7.21)
0.0482
(10.50)
-0.0315
(-0.91)
-0.0823
(-7.78)

-0.0055
(-0.30)

0.0271
(4.13)
0.0228
(1.22)

0.0061
(0.51)
0.0036
(0.19)

-0.0485
(-2.47)
-0.0649
(-0.98)
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Table 5

Equally weighted portfolios using Amihud (2002) price impact

Table 5 provides estimates for the illiquidity related betas and market beta using cross-sectional regression
analysis for the period of 1994-2009. In panel A we estimate coefficients for all 25 test portfolios using
different variants of following relation between excess returns and explanatory factors

E ( R i ) D  \ i E (C i )  O1 E i1  O2 E i 2  O3 E i 3  O4 E i 4
net ,i
where E
E i1  E i 2  E i 3  E i 4 , the total of nine models

from above relation are estimated .In
panel B the cross-section regressions are performed for equally weighted 15 portfolios which are ranked
with some illiquidity related characteristics. The t-Statistics is reported in parentheses and these are with
corrected standard deviation using Newey and West (1987) method with two lags. R2 is obtained for each of
the estimated model and adjusted R2 is reported in parentheses.

Constant

E(Ci)

ǃnet.i

ߚ i1

ǃi2

ǃi3

ǃi4

R2

Panel A: equally weighted 25 portfolios.
1

0.0061
0.017
(7.32)
(6.58)
2
0.0020
0.0083
(0.86)
(3.08)
3
0.0085
0.020
-0.004
(5.42)
(3.52)
(-1.55)
4
-0.0120
0.0371
(-3.93)
(6.56)
5
0.0077
0.011
(9.352)
(2.69)
6
0.0096
(0.92)
7
0.0085
(8.13)
8
-0.0091
0.0186
0.0182
(-1.37)
(2.40)
(3.91)
9
-0.0029
0.017
0.0029
0.0069
(-0.48)
(2.87)
(0.28)
(1.58)
Panel B: equally weighted 15 illiquidity related portfolios.
1
2
3
4
5
6
7
8
9

0.0064
(8.51)
-0.0015
(-0.97)
-0.0025
(-0.756)
-0.0169
(-6.16)
0.0071
(9.15)
0.0128
(1.00)
0.0067
(8.58)
-0.0126
(-2.23)
-0.0105
(-2.25)

-0.0257
(-1.76)
0.0430
(3.23)
0.0378
(3.73)

0.605
(0.588)
0.433
(0.409)
0.623
(0.586)
0.425
(0.400)
0.386
(0.360)
0.000
(-0.043)
0.137
(0.100)
0.622
(0.547)
0.698
(0.619)

-0.105
(-5.10)
0.102
(1.81)
0.191
(4.01)

0.791
(0.775)
0.826
(0.812)
0.826
(0.797)
0.751
(0.732)
0.780
(0.763)
0.005
(-0.072)
0.722
(0.701)
0.884
(0.838)
0.907
(0.855)

0.0008
(0.01)

-0.0579
(-1.54)
-0.0677
(-2.67)

0.017
(5.97)

-0.022
(-0.31)

0.0131
(8.29)
0.0147
(2.68)
0.0457
(10.50)
0.0196
(5.88)
0.0281
(0.28)

0.038
(1.68)

0.0123
(1.74)
0.0126
(1.80)

0.0352
(3.12)
0.0071
(0.28)

-0.120
(-4.60)
-0.091
(-4.70)
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Using the level of illiquidity alone, the cross-sectional regression in line 1 yields the
expected positive estimate and insignificant pricing errors. The lower adjusted R2 could
be argued to be due to the low variability in the zero measure based illiquidity levels for
the PI, momentum, and BM portfolios (see Table 2 under column heading E(Li)).
Nonetheless, the significance of the level of illiquidity shows that the portfolio returns
are linked to their illiquidity levels. In line 2, the net beta specification also has a
positive and significant price of risk. However, the net beta specification yields
significantly large pricing errors. The next specification estimates level of illiquidity and
net beta simultaneously. The estimation output shows insignificant pricing errors with
only a relatively higher R2 of 0.45 than the results reported in lines 1 and 2. The
coefficient on the expected illiquidity is significant at the 10 percent level, and the
coefficient on the net beta is insignificant, although it retains the positive sign.
However, the results show, through lines 1 to 3, that a joint criterion of higher R2 and
insignificant pricing errors is not met.
The relatively poor performance of the net beta specification demonstrates the
empirical difficulties of making accurate model-based predictions when the component
beta risks do not capture the underlying theoretical direction or are not monotonically
sizeable across the illiquidity of test portfolios. The same is argued for the beta risks
estimated with the zero measure (for example, the commonality effect; see Table 2).
Nonetheless, the plausible coefficient estimates on expected illiquidity levels are an
improvement on Acharya and Pederson (2005), as the illiquidity level, when allowed to
have a free parameter value, was often implausibly estimated in their work.
The price of risk associated with either of the beta risks can also be interpreted as
capturing the overall model effect, as argued previously. The individual beta risk
specification incorporates the possibility of determining which beta is a more relevant
risk in suppressing cross-sectional pricing errors. Therefore, given the highlighted
estimation difficulties and the strong correlation patterns among beta risks, we test the
following cross-sectional specifications and the nested single beta representations for
the described analysis:

E ( R i ) D  \ i E (C i )  O1 E i1  O2 E i 2  O3 E i 3  O4 E i 4 .

(14)

In line 4, a CAPM specification is employed, and the price of risk associated with E is
positively significant. The significant model pricing errors over predict the average
portfolio returns by 1.20 percent per month, which is substantially large. The price of
risk for the commonality effect is expected to be positive. However, we find an
insignificantly negative coefficient, which again highlights the inability of the
commonality effect to not account for the particular contemporaneous association
between idiosyncratic and aggregate illiquidity shocks. The specification with flight to
liquidity risk produces insignificantly small pricing errors. It also yields the highest
adjusted R2 across specifications using only one explanatory variable. The estimated
i4
price of risk for E is insignificantly plausible. Acharya and Pedersen (2005) reported
that the depressed wealth effect risk has the largest and most significant compensation
across all illiquidity risks for U.S. stock returns.
i1

The regression in line 8 again finds a strong impact of E , as in line 6, and is
significant even in the presence of other model risks. The comparison of the models,
under the established criteria, suggests that the specification using only flight to
i3
liquidity risks performs better than the others. The E risk can explain the largest
i3
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variability in mean portfolio returns while maintaining the model’s parsimony with a
similar adjusted R2 to lines 8 and 9. However, we see that in line 9, not a single risk
factor is significant and yet R2 is quite high. These results are similar to the one
reported in Acharya and Pedersen (2005), in Table 4 at line 8. This is a case of
muticollinearity as estimated betas are highly correlated 25 therefore significance of each
point estimates is reduced. Nevertheless, when illiquidity is measured using the zero
i3
measure, illiquidity risk is best captured through E to proxy the overall illiquidity
effect in the Finnish market. The result signifies the pervasiveness of illiquidity risk,
which is attributed to a flight to liquidity, also reported in Vaihekoski (2009) for the
Finnish market.
The estimations using price impact measure based illiquidity risks are reported in panel
A of Table 5. The results show that the level of illiquidity is significantly related to
expected returns with a larger model R2 than the corresponding zero measure
specifications. The increased explanatory power demonstrates the increased variability
(information content) in the price impact measured portfolio illiquidity levels in
conjunction with expected portfolio returns compared to the zero measure (see column
headers E(Li) and E(Ai) in Tables 2 and 3). However, the specification with expected
illiquidity has significant pricing errors and fails to meet the model success criteria. The
net beta specification does not have a high R2, although it has insignificantly estimated
small pricing errors. Using the level of illiquidity in conjunction with the net beta
hampers the model in terms of the significant cross-sectional pricing errors.
The E has positive and significant coefficients in the single beta risk specifications.
However, the commonality risk alone is not a sufficient risk factor for significant
pricing errors. The flight to liquidity specification cannot replicate its performance
under the zero measure and is neither significant nor plausible. In line 7, the last
illiquidity-related risk also has a negative, significant estimate of the price of risk. The
performance of the net beta specification, among the other single beta specifications, is
relatively better under the model selection criterion for suppressing cross-sectional
mispricing. The model estimations highlight the key differences in measuring illiquidity
between zero measure and price impact through the significance of alternating
illiquidity betas to explain expected portfolio returns, as hypothesized above.
i2

We separately graph cross-sectional pricing error plots using the best model
specifications, under the employed model performance criteria, for the zero measure
and price impact measure. The predicted returns are the multiple of the selected
model’s price of risk with the corresponding time series portfolio beta (as reported in
Tables 2 and 3). We use line 6 of Table 4 (panel A) for the zero measure and the net
beta price of risk as in line 2 of Table 5 (panel A) for price impact based model
predictions. Similarly, we also plot the standard CAPM specification predictions.
All of the selected models only use one explanatory variable; hence, no model is given
any statistical advantage. In Figure 4, we provide the empirical fits of the models
against actual portfolio returns. The model projections that include liquidity
adjustment clearly outperform the market beta. The model predictions show that the
difference between the actual and predicted yearly average returns is 3.5 percent with
the zero measure, while this differential is 3.8 percent with the price impact measure.
The market model specification performs the poorest and the differential is alarmingly
high, i.e., 14.38%.
The Tables showing correlation patterns among model based risks shown in Table 4 and 5, for Panel B
are available upon request.
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The generated plots are the outcome of a stringent test to explain returns from (nonilliquidity) momentum and BM ratio portfolios. Therefore, the average
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Figure 4 Fitted vs. realized returns for 25 portfolios
Empirical fit for 25 portfolios: the empirical fit depicted at the top left corner is when a relevant measure of
illiquidity is estimated as zero measure, at the right of it is an empirical fit when relevant measure of
illiquidity is estimated by Amihud (2002) price impact. Below is empirical fit by CAPM beta. The period of
estimation is 1994-2009.

annual differentials between model-predicted and actual returns are encouraging with
respect to the successful specifications.
4.4. Model testing for illiquidity-related portfolios
Numerous studies report that illiquidity risk matters for asset returns, which are a
function of the level of idiosyncratic illiquidity. Accordingly, we reduce the cross section
of twenty-five portfolios to fifteen and test the hypothesis for the Finnish market. All of
the regressions reported in panel A of Tables 4 and 5 are re-estimated and presented in
panel B of Tables 4 and 5. The estimations with the zero measure retain the overall
trends in significance or insignificance for particular beta risks and pricing errors, as

91

shown across specifications in panel A. The notable differences in the panel B
specifications include the significant risk premium on the net beta in line 3 with
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Liquidity adjustment with
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0
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Figure 5 Fitted vs. realized returns for 15 portfolios
Empirical fit for 15 portfolios: the empirical fit depicted at the top left corner is when a relevant measure of
illiquidity is estimated as zero measure, at the right of it is an empirical fit when relevant measure of
illiquidity is estimated by Amihud (2002) price impact. Below is empirical fit by CAPM beta. The period of
estimation is 1994-2009.

significantly large cross-sectional pricing errors, the significance of market risk in line 8
also with significant cross-sectional errors. However, the most striking difference is the
larger cross-sectional R2 values across all specifications. Importantly, the flight to
liquidity risk specification exhibits greater ability in suppressing the pricing errors
(although insignificantly estimated) and obtains an R2 of 80.90 percent.
In panel B of Table 5, we report that the regression specifications using the price impact
measure based illiquidity risks. Here again, in line 2, the net beta significantly affects
the cross-sectional return variations, although with insignificantly small pricing errors
and an adjusted R2 of 81.20 percent. In line 3, the specification using the level of
illiquidity and the net beta, yields insignificant pricing errors, but the coefficient on
expected illiquidity is implausibly estimated and counter-intuitive. Furthermore, the
adjusted R2 in line 3 is actually reduced relative to the specification with net beta alone.
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Table 6

Equally weighted portfolios using zero measure of illiquidity

Table 6 provides estimates for the illiquidity related betas and market beta using cross-sectional regression
analysis for the period of 1996-2007. In this Table we estimate these coefficients for all 15 test portfolios
using different variants of following relation between excess returns and explanatory factors

E ( R i ) D  \ i E (C i )  O1 E i1  O2 E i 2  O3 E i 3  O4 E i 4
E i1  E i 2  E i 3  E i 4 , the total of nine models from above relation is estimated. The t-

where E
statistics is reported in parentheses and these are with corrected standard deviation using Newey and West
(1987) method with two lags. R2 is obtained for each of the estimated model and adjusted R2 is reported in
parentheses.
net ,i

Constant
0.0060
(4.47)
2
-0.0132
(-5.39)
3
-0.0119
(-4.97)
4 -0.0045
(-2.31)
5
0.0263
(1.84)
6
0.0041
(5.11)
7
0.0123
(13.26)
8
-0.0017
(-0.21)
9
0.0051
(0.30)
1

E(Ci)
0.0279
(6.85)
0.0042
(0.95)

-0.0113
(-0.63)

ǃnet.i
0.0267
(12.07)
0.0242
(9.09)

ߚ i1

0.0402
(10.80)

0.0126
(1.29)
0.0004
(0.02)

ǃi2

-0.0288
(-0.84)

0.0061
(0.37)
-0.0011
(-0.04)

ǃi3

ǃi4

-0.0770
(-18.70)
-0.0555
(-2.92)
-0.0927
(-1.51)

-0.0650
(-3.17)
-0.0094
(0.49)
-0.0164
(-0.85)

R2
0.561
(0.527)
0.839
(0.827)
0.844
(0.818)
0.746
(0.726)
0.056
(-0.017)
0.871
(0.861)
0.229
(0.170)
0.882
(0.835)
0.889
(0.828)

Generally, individual liquidity risks with the price impact measure perform better for
illiquidity-related portfolios. The main difference between the estimations reported in
panel A compared to those in panel B of Tables 4 and 5 is that the employed risk
specifications explain a greater share of the cross-sectional variance in the mean
returns. To highlight this effect, see the model R2 for the successful specifications in
Table 4 and 5 across the panels (line 6 and line 2). The estimations in the B panels have
approximately 78 percent and 100 percent higher model R2values than the
corresponding R2 levels in the A panels of these tables.
The model predictions, regarding the return differentials between the most illiquid and
liquid portfolios, highlight the importance of illiquidity risk for illiquidity-related
portfolios. We employ of the most successful price of risk specification across Tables 4

and 5 (panel B). The reported price of risk associated with E is -0.0823. Using the
flight to liquidity price of risk, a predicted return differential on the most illiquid and
illiquid is estimated as:
i3

O3 ( E 3, L 5  E 3, L 1 )12 14.84% ,
E
) is the difference between the betas of these two portfolios. The
where ( E
subsequent calculations yield an annualized return differential of 14.84 percent. The
3, L  5

3, L 1
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Table 7

Equally weighted portfolios using Amihud (2002) price impact

Table 7 provides estimates for the illiquidity related betas and market beta using cross-sectional regression
analysis for the period of 1996-2007. In this Table we estimated these coefficients for all 15 test portfolios
using different variants of following relation between excess returns and explanatory factors

E ( R i ) D  \ i E (C i )  O1 E i1  O2 E i 2  O3 E i 3  O4 E i 4
E i1  E i 2  E i 3  E i 4 , the total of nine models from above relation is estimated. The t-

where E
statistics is reported in parentheses and these are with corrected standard deviation using Newey and West
(1987) method with two lags. R2 is obtained for each of the estimated model and adjusted R2 is reported in
parentheses.
net ,i

1
2
3
4
5
6
7
8
9

Constant
0.0113
(16.98)
-0.0009
(-0.66)
0.0035
(0.88)
-0.0045
(-2.31)
0.0121
(17.81)
-0.0022
(-1.25)
0.0122
(17.14)
0.0046
(1.02)
0.0040
(0.94)

E(Ci)
0.034
(7.55)
0.014
(1.26)

ǃnet,i
0.0155
(16.17)
0.0097
(1.87)

ߚ i1

0.0216
(10.80)

0.0044
(0.64)
0.0066
(0.61)

0.024
(0.34)

ǃi2

0.122
(7.63)

0.0964
(1.53)
0.0317
(0.19)

ǃi3

-0.282
(-11.03)
-0.0786
(-0.89)
-0.0447
(-0.26)

ǃi4

-0.0852
(-6.99)
0.0265
(0.72)
0.0376
(0.60)

R2
0.774
(0.757)
0.800
(0.784)
0.819
(0.788)
0.746
(0.726)
0.783
(0.767)
0.741
(0.721)
0.630
(0.602)
0.836
(0.771)
0.840
(0.751)

prediction is near the yearly difference between the realized returns on these portfolios,
which is 15.37 percent for the period of 1994–2009. We repeat the procedure using our

second measure of illiquidity. The price of risk associated with E
of Table 5, is 0.0131. This yields a predicted return differential of:

net,i

, in panel B line 2

O ( E net , L 5  E net , L 1 )12 14.48% .
The tested specifications explain nearly all of the difference in returns across illiquidity
portfolios. Imposing the constancy constraint on the net beta price of risk, we
determine which beta best explains the return differentials. To conserve space, we only
present the results for the component that best explains the return differential, which is

E 2i , the commonality effect in illiquidity. Using the reported net beta specification

price of risk, the component resulting from the commonality effect (while using
commonality betas) is calculated as follows:

O ( E 2, L 5  E 2, L 1 ) 11.06% .
Similarly, the market beta represents 1.09 percent of the overall return differential,
whereas the flight to liquidity explains only 0.15 percent. The remaining difference of
1.34 percent is attributed to E . The combined premium on liquidity risks account for
4i
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Figure 6 Fitted vs. realized returns in the sample 1996-2007 (for 15 liquidity portfolios)
Empirical fit for 15 portfolios: the empirical fit depicted at the top left corner is when a relevant measure of
illiquidity is estimated as zero measure, at the right of it is an empirical fit when relevant measure of
illiquidity is estimated by Amihud (2002) price impact. Below is empirical fit by CAPM beta. The period of
estimation is 1996-2007.

nearly 92 percent of the total model-predicted risk premium, and only 8 percent is
associated with the market (CAPM) risk. Acharya and Pederson (2005) reported a
comparable return differential between the most illiquid and liquid portfolios for the
U.S. stock returns as follows:

O ( E net , L  25  E net , L 1 )12 6.40% .
Of this yearly return differential, the three illiquidity-related betas explain nearly 1.10
percent, whereas the market beta explains 5.30 percent. The illiquidity premium only
accounts for 17 percent of the model projection compared to the 92 percent reported for
the Finnish stock market, given the equality of model premia across the beta risks.
These results clearly suggest that market-related risk is dominant in the U.S. market,
while this is not the case for the Finnish stock returns. The larger liquidity premium
rather than market premium demonstrates the importance of accounting for liquidity
risk, as argued by numerous theories.
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Furthermore, the evidence also confirms our hypothesis that illiquidity effects can be
more pronounced in illiquid markets, even if the markets are developed, as in our case.
The pricing error plots for the illiquidity portfolio estimations are shown in Figure 5
with the previously noted specifications (lines 6 and 2 in panel B of Tables 4 and 5,
respectively). The graphs indicate much better empirical fits. The difference between
the predicted and actual yearly realized returns decreases compared to the
specifications with non-illiquidity test portfolios. The zero measure yields a yearly
difference of 2.5 percent, whereas with price impact, the yearly difference is 2.8
percent. The prediction errors are reduced by approximately 1 percent per annum
across the combination of test portfolios.
4.5. Model testing for 1996–2007
To test for the pervasiveness of the illiquidity-related betas across samples, we run
cross-sectional regressions for the sample period spanning from 1996–2007. 26 Table 6
reports the results with the zero measure beta risks. The coefficient on expected
illiquidity is positive and significant, implying higher expected returns for illiquid
assets. Nonetheless, the specification with expected illiquidity again fails to suppress
mispricing. The problem of significant pricing errors also undermines the specifications
with net beta alone and the net beta combined with the level of illiquidity. Other
comparable differences from the full sample estimations include reduced pricing errors
equaling -0.45 percent per month for the market model specification and the larger

pricing errors from the E specification. Moreover, the cross-sectional pricing errors
from both specifications are significant at 1% critical t-values.
3,i

The best model in the reduced sample is in line 8, in which all the beta risks are taken

together, whereas only E is significantly priced. Under the employed model selection
criteria, none of the single beta specifications outperform the others on both fronts.
However, for the largest adjusted R2 across all specifications and, economically, the
smallest pricing errors among single beta specifications – the flight to liquidity risk
specifications– remains noteworthy. Nonetheless, the specification including
illiquidity-related betas with market risk reduces the cross-sectional mispricing
(insignificantly estimated), although it suffers from employing additional degrees of
freedom and thus lower adjusted R2 values.
3i

The results for the price impact based liquidity risk estimations in the tranquil period,
reported in Table 7, are similar to the results in Table 5 panel B. Notable differences
include the significance of net beta in line 3 at 10 the percent critical t-values, the
significance of the flight to liquidity risk, and insignificantly estimated pricing errors for
the specifications in lines 8 and 9. Moreover, the specifications in lines 8 and 9 do not

have significant prices for the model risks, except for E .Whereas all the risk premia
are significant at 10 percent critical t-values or below, with the exception of the
commonality effect (in line 9 only) in the comparable full period settings.
3,i

Figure 6 plots the empirical fit of the successful models in the calmer period. Visible
improvement is noted in the performance of the CAPM beta compared to the full
As indicated in section 3.2, the Finnish market has a higher price impact and slightly reduced zero
returns for 1996–2007. The descriptive behavior of the Finnish aggregate market illiquidities motivated
the selection of the reduced sample. We only report the results for illiquidity-related portfolios. The
estimations using the cross-section of 25 portfolios are available upon request.
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period. The evidence implies that a CAPM beta may be a better candidate for explaining
return variations in illiquidity portfolios in calmer periods than in periods involving
high illiquidity. The improvement is such that the average annualized difference
between the model-predicted returns and the realized returns is 5.41 percent. The lower
prediction errors are a substantial decline from the annualized difference of 20 percent
in the full sample of illiquidity portfolios. The annualized difference when an illiquidity
adjustment is included, using both measures of illiquidity, is 2.5 percent, and, on
average, is similar for the 15 illiquidity test portfolios across the samples.
Nevertheless, illiquidity risks still have explanatory power beyond that of the market
beta in the reduced sample period and are more visible through price impact measure
based model projections. To highlight the improvement, we also check for the relative
contribution of the liquidity effect to the total model risk premium in the calm period
by price impact measure:

E ( R i ) D  Oi1 E i1  OE net ,i .

(16)

We do not control for illiquidity level, as we intend to compare the price of risk for
liquidity risks and for the market beta. The estimation of equation (16) yields the
following results:

E(R i )

0.002  0.014 E i1  0.025E net ,i .

(17)

In equation (17), pricing errors are insignificantly small and the price of risk associated
with the net beta is significant with Newey and West (1987) corrected standard errors
at the 10 percent level, whereas the corresponding market beta is insignificant. The
negative risk premium associated with the market beta does not imply that risk is
negative and is exemplified, similar to Acharya and Pederson (2005), as follows:

E(R i )

0.002  0.011E i1  0.025( E i 2  E i 3  E i 4 ).

The negative sign on market premia indicates that, under the model assumptions, a
greater risk premium is associated with illiquidity beta risks. This evidence highlights
the importance of liquidity adjustment in the static CAPM. The annualized difference
between the returns on the illiquid portfolio, L-5, and the liquid portfolio, L-1, is 18.29
percent for the sample period from 1996–2007. Using the price of risk associated with
the net beta, as shown at line 2 of Table 7, the model-predicted annualized return
differential is 10.32 percent. Although the model prediction is not as precise as that
reported for the full period, we focus on the proportional share due to illiquidity-related
risks rather than market risk, ceteris paribus.
The calculations demonstrate that market-related risk explains 4.34 percent of the
annual return differential for the prediction for the full model, and the remaining
model risk premium is associated with illiquidity-related risks. The proportional
illiquidity effect is not as substantial as reported in the full period; yet it accounts for
approximately 60 percent of the model-predicted risk premium. The evidence
highlights the time variation in illiquidity premia. However, illiquidity-related risks are
more important than market risk, regardless of the market conditions, and constitute a
major part of the model-projected risk premium. Arguably, if the sample includes the
illiquidity period, then compensation for illiquidity risks is sufficient to cover the total
model risk premium (approximately).
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The estimations indicate that the overall model effect is captured through net beta
specification using price impact measure illiquidity risks, whereas the zero measure
based flight to liquidity risk specification performs equally well. Moreover, the results
demonstrate that the sensitivity of expected returns across the price impact illiquidity
risks relative to zero measure illiquidity risks is more often theoretical. The overall
impact of illiquidity risk is thus manifested through the net beta. The model restriction
of the equality of premia is also satisfied in estimations using the price impact measure
based illiquidity risks when tested with a Wald test (results available upon request).
However, the restriction is more often rejected for estimations with zero measure beta
risks. Finally, the primary finding is the sizeable price of the illiquidity premium for the
Finnish market, even if we cautiously assume no change in illiquidity across the
samples.

98

5

CONCLUSIONS

In this paper, we simplify the liquidity-adjusted model developed by Acharya and
Pedersen (2005) to determine asset prices and account for the total cost of trade in a
single period equilibrium model. The liquidity-adjusted model is tested for the Finnish
stock market. Through the analysis, we emphasize the greater relevance of illiquidityrelated theories and models to comparably more illiquid stock markets, rather than the
standard practice of analyzing the most liquid market, the U.S. The liquidity
adjustment in the model is incorporated through two different measures to proxy for
transaction costs. The selection of two separate illiquidity measures is employed to
analyze whether illiquidity’s effect on asset pricing is captured any differently via a
particular measure. We show that the proxy measures capture asset illiquidity while
considering the key illiquidity characteristics of firm size, turnover, and PI ratio
following Demsetz (1968), Datar et al. (1998), and Brennan and Subrahmanyam
(1996), among others.
The central finding of the paper is the substantial risk premium related to illiquidity
risks for Finnish stocks (92 percent in full periods and 60 percent in calm periods) in
the total model risk premium. The illiquidity premium is far larger than the reported
illiquidity premium (17 percent) in the U.S. market as inferred from a comparable study
(Acharya & Pederson, 2005). The remaining empirical evidence can be divided into
three parts. First, the estimations using the illiquidity measures show that different
model (illiquidity) risks are important in explaining variations in expected returns and
reducing model mispricing across samples. Therefore, we argue that the empirical
significance of depressed wealth effect in Acharya and Pederson (2005) is more of a
dimensional effect of the proxy measure used than the systematic effect of the risk,
given the unavailability of exacting illiquidity proxies that cover all aspects of stock
liquidity. Nonetheless, the varying ability of illiquidity risks across specifications, in
explaining cross-sectional return differences, does not undermine the overall
performance of the illiquidity measures in capturing liquidity effect. Second, time
variation in the illiquidity premium is documented across the samples, which include
and exclude illiquid periods. Third, a liquidity-adjusted CAPM performs remarkably
better than simple CAPM specifications across the samples, including and excluding
illiquidity periods. We suggest that the illiquidity premium across stock markets (both
developed and emerging) should be quantified to make further generalizations.
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Abstract

We study different dimensions of the illiquidity effect on asset returns in the Finnish
market. The market illiquidity is measured as unexpected rises and falls in average
monthly zero returns across all stocks. We find that for the returns on the specific class
of assets, a flight to the liquidity effect [Tobin (1958)] is the most important systematic
risk among all dimensions of the illiquidity effect. In other words, higher returns for
illiquid assets in good times compensate for a pronounced drop in those returns in bad
times and vice versa. Furthermore, only one illiquidity-related factor has a similar
pricing capacity as Fama and French’s (1993) three-factor model and Carhart’s (1997)
four-factor model in the context of this study.
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1. INTRODUCTION
The illiquidity effect is multifaceted and has a significant bearing on asset returns.
Different studies have documented the effect of illiquidity on returns through its
different dimensions. One dimension that is asset specific is that the average illiquidity
of an asset is priced. This dimension has been analyzed by Amihud and Mendelson
(1986). Another dimension is related to the systematic risk of illiquidity, which in
recent studies, has been more widely emphasized. This dimension demonstrates that
the market risk of illiquidity (illiquidity risk onwards) has an independent pricing
capacity. Among the studies that focus on this dimension are Amihud (2002) and
Pastor and Stambaugh (2003), who document that illiquidity risk over time and crosssectionally effects returns much in line with the asset’s level of illiquidity. That is, the
return structure of most illiquid assets is more exposed to illiquidity risk. This
dimension of illiquidity risk is termed as a flight to liquidity by Amihud (2002).
Chordia et al. (2000) and others discuss another aspect of illiquidity risk due to a
predetermined co-movement between assets and overall market illiquidity over time;
this aspect is known as commonality in liquidity.
To summarize, Acharya and Pedersen (2005) developed an illiquidity-adjusted CAPM
in which three separate illiquidity-related risks are identified. Two of the risks are as
discussed before. The third risk was studied for the first time and, in the context of the
U.S market, was found to be the most significant. This third illiquidity risk exists
because investors price assets differently, whose illiquidity changes favorably or
unfavorably when market returns decrease, differently. Hence, there are four
dimensions of the illiquidity effect that have been discussed previously; one of these
dimensions is asset specific and the rest are systematic.
Most of the aforementioned studies were conducted based on the U.S market, which is
arguably the most liquid market. By contrast, in this study, we analyze the illiquidity
effect in the Finnish market, which being an illiquid market, merits such study because
illiquidity is evidently important for illiquid markets. This argument is also motivated
by the study of Bakaert et al. (2007) on illiquidity-related studies for emerging markets.
To test the illiquidity effect for the Finnish market, we analyze each aspect of illiquidity
separately. Thus, unlike Acharya and Pedersen (2005), we do not constrain the equality
of risk premium across all dimensions of illiquidity risk, which enables us to study in
detail the aspect of illiquidity that is the most relevant for the Finnish market. Further,
we also test whether the illiquidity-related model is as good as other benchmark models
in finance, such as Fama and French’s (1993) and Carhart’s (1997) models.
To measure the illiquidity for the Finnish market, we use the suggested measure of
Lesmond et al. (1999) for Finland for the period of 1994-2009. One of its advantages is
that, through this measure, one can construct the most comprehensive measure of
illiquidity (zero measure onwards). As for its construction, it merely requires to record
the incidences of zero returns at some desired frequency. Further, Butt and Virk (2012)
show that incidences of zero returns for firms are negatively correlated with their size,
which suggests that the former is a proxy of transaction costs [see Lesmond et al.
(1999);Demsetz (1968)]. The estimated zero measure suggests that the number of zero
returns in the Finnish market is more than twice the number in the U.S market and
very similar in magnitude to emerging markets [see Goyenko et al. (2009): Bekaert et
al. (2007)], which indicates that the Finnish market is way too illiquid to be compared
to the U.S market and illiquidity is likely to be an important characteristic of this
market.
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Instead of working directly with a zero measure, we use an ARMA model to collect
monthly surprises in market illiquidity. With this model, we can analyze how sudden
increases/decreases in trading activity in the market affect returns. We find that for the
Finnish market, the flight to liquidity effect is priced in the most significant way among
all other dimensions of the illiquidity effect, which means that assets are priced by
investors who consider their likely returns, in upward and downward market
conditions. This phenomenon can be observed directly. For instance, for the most
liquid stocks, the monthly returns dropped by 76% on average when market illiquidity
suddenly increased, whereas for the most illiquid stocks, monthly returns dropped
almost 3.76 times, approximately 5 times more than liquid stocks, which indicates that
illiquid stocks are not hedged against the risk of unexpected increases in illiquidity and
thus, as compensation to investors, are traded at lower prices.
All other illiquidity-related factors fell short of adequately pricing the set of assets used
in this paper. For instance, to see that average illiquidity is priced, we test whether
assets’ own unexpected zero returns justify their observed returns; however, we find
that is not the case. Further, the commonality in liquidity effect is present in the
Finnish market. That is, stocks and market illiquidity commove significantly over time,
yet this commonality in risk is not priced cross-sectionally. Lastly, we test the
significance of the risk premium associated with the covariance between stock
illiquidity and aggregate wealth (proxy with shocks to market returns), which is
proposed in Acharya and Pedersen (2005) and found to be the most significant risk in
the context of the U.S market. Over time, for illiquid portfolios, their illiquidity
increases when market returns are depressed. However, again this illiquidity risk is not
enough to justify the cross-sectional return patterns for the tested portfolios, as we find
large and significant pricing errors.
In the end, we also employ Fama and French’s (1993) three-factor and Carhart’s (1997)
four-factor models. One obvious advantage to these models against the successful
illiquidity model is that the number of explanatory variables is greater than one.
However, using both benchmark models, the adjusted R2 increases slightly by
comparison. Further, none of the factors in the standalone capacity price the assets
reasonably well. However, using only one factor summarizing the flight to liquidity
effect has a comparable performance with Fama and French’s (1993) and Carhart’s
(1997) models.
The paper is organized as follows. Section 2 discusses the data part of this paper.
Section 3 describes the estimation procedure. Section 4 discusses and analyzes different
models. Lastly, section 5 concludes the paper.
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2.

DATA SECTION

This section addresses a measure of illiquidity constructed for the Finnish market for
1
the period of 1994:1-2009:5 . Then, we elaborate upon the choice and construction of
portfolios to analyze how illiquidity is related to their returns. All the data used for the
construction of relevant series are taken from DATASTREAM. We use the daily total
return index, daily trading volume, month/day end prices, and the market
capitalization at the end of the month.
2.1. Illiquidity measure
Lesmond at al. (1999) propose incidences of zero return as a manifestation of all the
transaction cost which trading an asset may ensue. This is because the likely benefit of
trading for profits does not break even with the transaction costs, thus resulting in
incidence of a zero return. The higher the zero returns, the higher the illiquidity of an
asset is. Further, Lesmond et al. (1999) show that the zero measure is inversely related
with the size factor for the U.S market 2, an indirect check that indeed zero returns
proxy a transaction costs. Further, zero returns are also found to be positively related
with a measure of the bid-ask spread in their study.
For the Finnish market, the zero measure has specific relevance. As for its construction,
only a return series, which is easily available, is required. Other measures of illiquidity
that usually rely on daily data may require other information in addition to the return
series. For instance, the daily absolute price impact measure of Amihud (2002)
requires daily volumes as well for its construction, which are not available for all stocks
uniformly and thus restrict said measure to be a representative measure of illiquidity
for the Finnish market. Therefore, we use a zero measure such that all stocks in the
Finnish market are accommodated, and the longest possible series is constructed. For
each firm, in every month, we estimate the zero measure as a simple ratio between the
numbers of days in which the stock is not traded in any month to the total number of
trading days available. That is
Zero Measure-I = Number of days with zero return /Total number of days to trade.
We also estimate a different version of the zero measure because the above way may
upper bound the illiquidity to a maximum of 1. Although statistically this method
extricates us of outliers, it still somewhat under represents illiquidity. Hence, when we
test a relationship between asset returns and commonality in liquidity we prefer a
modified version of the zero measure, as follows:
Zero Measure-II = Number of days with zero return /Number of days with trade,
to construct a market measure of illiquidity, we simply take the average of the monthly
zero measures across all firms.

The starting month for analysis is January 1994 because only a few stocks are available before that date,
which makes portfolio construction a difficult proposition.
2 Evidence that the transaction cost is inversely related to the size of a firm is provided for the first time by
Demsetz (1968).
1
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In addition to the above estimated illiquidity measures, we also calculate the monthly
turnover of the Finnish market and price impact measure as suggested by Amihud
(2002) to test that common measures of illiquidity that are usually correlated are also
correlated for the Finnish market. Turnover is simply the ratio of shares traded on a
given day to the total number of shares outstanding, which we estimated for each firm
within a month. We then average the turnover across all the firms to obtain market
turnover. Similarly, we estimate the monthly absolute return impact of traded volumes
for the Finnish market.
A brief relatedness of these measures of illiquidity is that there is a correlation of 0.9
between two versions of the zero measures for the Finnish market. Zero measure-I is
positively correlated with the price impact measure of Amihud over time by 0.23, and
with turnover, the correlation is as high as -0.80. Because turnover is a measure of
liquidity, a negative correlation is expected. Similarly, zero measure-II is correlated
with the price impact measure over time by 0.29 and with turnover by -0.79.
Further, we also compare the zero measure for the Finnish market with others markets
to gauge the illiquidity characteristics. For instance, Goyenko et al. (2008) calculated
the monthly zero measure for the period of 1993-2005 for the U.S market as 14.3% with
a standard deviation of 14.7%. The same estimates for the Finnish market in the studied
sample are 33.15% with a standard deviation of 8.5% for the period of 1994-2009. The
average zero measure in the Finnish market is more comparable with the average zero
measure of nineteen emerging markets, as reported by Bekaert et al. (2007), which is
30.8% with a standard deviation of 13.5% for the time period of 1987 to 2003. This
comparison indicates that the Finnish market is too illiquid to be compared with the
U.S market and is much more akin to emerging markets in terms of the zero measure.
The illiquidity characteristics of the Finnish market make it an ideal case for liquidityrelated studies because, suggestively, illiquidity risk matters for illiquid markets.
2.2. Construction of portfolios.
We constructed portfolios with three different charateristics, which have been used in
previous literature as well. These are monthly incidences of zero returns, market
capitalization and inverse of day end prices of the stocks. As portfolios can be
constructed with many different characteristics however, for this paper we limited our
attention for those charactersitics which are related with illiquidity, as significant
studies have reported that liquidity risk is more pronounced for the illiquidity related
portfolios. Therefore results from this paper cannot be generalized for the whole
universe of assets as is also the case in Acharya and Pedersen (2005) study. If illiquidity
is a source of risk, then we may observe return dispersion in assets due to different
liquidation cost. Therefore, we begin by segregating the stocks into portfolios by their
differences in the incidence of zero returns to see if such results in different return
patterns. Because there are few stocks in the Finnish market, we apportion the whole
space of stocks into five portfolios according to the zero measure. To do so, we first
construct a monthly zero measure for all available firms each month. On the basis of
this measure, next period (month) returns are allotted to any one of five portfolios. The
procedure is revised at the end of each month. As we move to a higher ordered quintile,
the number of stocks with zero returns increases. In other words, L-1 is the portfolio
containing the first 20% of the partitioned stocks with the lowest percentage of zero
return days, followed by L-2, L-3, L-4 and L-5, which subsequently increase in their
relative illiquidity.
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Table 1 Zero measure portfolios
The results are based on the monthly price impact, turnover, size, and returns calculated within zero
measure quintiles. Each quintile reflects an increase in the number of zero return firms; each subsequent
quintile contains the next highest 20% of firms in terms of zero returns (the first quintile contains the most
liquid firms and the fifth quintile contains the most illiquid firms).The zero measure is calculated as the
ratio of zero returns to the total available tradable days in any month. Price impact is the ratio of the
absolute return of any firm to the traded volume in euros, which gives an impact on return of one euro
traded volume. Turnover is the monthly sum of the daily ratio of shares traded over the number of shares
outstanding. Similarly, size is the monthly average of the size of all firms expressed in millions of euros.
The last column indicates the gross return of the portfolios sorted by their monthly zero measure. The
period of analysis is 1994:1 to 2009:5. All of these measures are equally weighted.

Portfolios

Zero Measure
(%)

Price Impact
(%)

Turnover
(%)

Size (
Million Euro)

Returns

L-1
L-2
L-3
L-4
L-5

12.16 %
20.65 %
29.84 %
42.91 %
67.10 %

0.07 %
0.15 %
0.43 %
1.10 %
8.53 %

5.95 %
4.00 %
3.12 %
2.31 %
1.54 %

3703.92
713.17
277.82
111.76
39.26

1.009
1.013
1.011
1.012
1.022

In addition to collecting zero measure series for each of above portfolios, we also
estimate their monthly turnover, price impact measure and size. Further, the monthly
total return index of each portfolio is calculated, and the results are listed in Table 1. It
is quite evident from the table that there is a strong pattern in illiquidity-related
characteristics. That is, the firms with high average zero returns are small-sized firms
whose volume traded impact on absolute returns is quite high. Further, their turnover
is also smaller compared to the liquid firms. Nevertheless, there is visible difference
between the returns on the most illiquid portfolio and the most liquid portfolio. On a
monthly basis, this difference accounts for 1.30%, with a t-statistic of 1.66, which
means it is partially significant. However, economically, this difference in return is
quite meaningful and indicates that a significant return spread is present for firms
differing in their monthly occurrence of zero returns.
Table 2

Size portfolios

The results are based on the monthly price impact, turnover, size, and returns calculated within each size
quintile. Each quintile reflects an increase in the market capitalization of the firms; each subsequent
quintile contains the next highest 20% of firms in terms of capitalization (the first quintile contains the
smallest firms and the fifth quintile contains the largest firms).The market capitalization for any firm is the
product of its number of shares outstanding and the price of its stock at the end of any month. Price impact
is the ratio of the absolute return of any firm to the traded volume in euros, which gives an impact on
return of one euro traded volume. Turnover is the monthly sum of the daily ratio of shares traded over the
number of shares outstanding. Similarly, size is the monthly average size of all firms expressed in millions
of euros. The last column indicates the gross return of the portfolios sorted by the monthly capitalization of
the stock. The period of analysis is 1994:1 to 2009:5. All of these measures are equally weighted.

Size
Percentile

Zero Measure
(%)

Price Impact
(%)

Turnover
(%)

Size ( Million
Euro)

Returns

S-1
S-2
S-3
S-4
S-5

57.40%
42.00%
31.07%
22.68%
11.13%

7.26%
1.17%
0.52%
0.09%
0.03%

2.41%
2.57%
2.71%
3.68%
6.21%

13.07
46.15
139.67
430.15
5090.61

1.020
1.011
1.014
1.008
1.009
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The second set of assets that has been used prolifically for illiquidity-related studies is
size-related portfolios. Among our test assets, we use five portfolios whose returns are
ranked on the basis of market capitalization 3 of the stocks. That is, for each month, the
end of the period market capitalization of each firm in the sample is recorded, and the
next month return is predicted based on information from the prior month. In this way,
we create five portfolios that are increasing in size. To see if this increase in size is
directly/inversely related to any measure of liquidity/illiquidity, we keep the format of
Table 2 similar to Table 1. The smallest capitalized firms are grouped into a portfolio
named S-1. Each succeeding portfolio is increased in size, leading to the largest
capitalized portfolio, S-5. Table 2 shows that illiquidity is indeed captured by the zero
measure and the price impact of the firms because these measures decrease as the
respective sizes of the firms increases. By contrast, turnover takes an opposite
direction, which is consistent with the existing evidence. Lastly, there is significant
return dispersion between the least capitalized and most capitalized firms, amounting
to 1.04% on a monthly basis.
Lastly, we also use the price inverse ratio of all the firms to construct five portfolios
because in the literature 4, it has been proposed that this ratio is related to illiquidity. At
the end of each month, the price inverse ratio is calculated for all firms in the sample as
the inverse of its closing price. Then, based on this ratio, the next month’s returns are
predicted. The first percentile, shown as P-1, contains the returns of the firms that have
Table 3

Price inverse portfolios

The results are based on the monthly price impact, turnover, size, and returns calculated within priceinverse related quintiles. Each quintile reflects an increase in the price inverse ratio for the firms; each
subsequent quintile contains the next highest 20% of firms with higher price inverse ratios (the first
quintile contains the firms with the highest prices and the fifth quintile contains the firms with the lowest
prices). The price inverse ratio is simply the inverse of the end of day prices at the end of the month. Price
impact is the ratio of the absolute return of any firm to the traded volume in euros, which gives an impact
on return of one euro traded volume. Turnover is the monthly sum of the daily ratio of shares traded over
the number of shares outstanding. Similarly, size is the monthly average size of all firms expressed in
millions of euros. The last column indicates the gross return of the portfolios sorted by the monthly price
inverse ratio. The period of analysis is 1994:1 to 2009:5. All of these measures are equally weighted.

Price inverse
Percentile

Zero Measure
(%)

Price Impact
(%)

P-1

20.82%

0.14%

P-2

24.88%

P-3

31.87%

P-4

40.01%

P-5

46.99%

Turnover
(%)

Size ( Million
Euro)

Returns

4.87%

3668.69

1.004

0.25%

3.90%

1272.49

1.009

0.56%

3.18%

405.19

1.013

1.22%

2.81%

266.23

1.009

7.65%

2.96%

93.15

1.026

the highest price inverse ratio /lowest prices. In this way, we create five portfolios
increasing in their price inverse ratios and then calculate their return series and other
related characteristics. Table 3 more or less depicts the same pattern that as the prices
at which stocks are traded decrease, illiquidity increases, although here the patterns of
increasing illiquidity are not that strong as those observed in the previous tables. In this
The market capitalization for any firm is the product of the number of shares outstanding in a month with
the same end period stock price.

3

4 (see Miller and Scholes, 1982, pp. 1132-1133) , Brennan and Subrahmanyam (1996) provide the evidence
that price inverse proxy for spread.
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instance, the return differential is the largest between highest and lowest priced firms,
amounting to 2.22% per month with a t-statistic of 3.29.
One concern of choosing a cross-section of fifteen portfolios that have quite similar
illiquidity-related characteristics is that in the end, actual analyses are conducted for
five portfolios. This concern can be substantiated if we can find that the differences
between the illiquidity (zero-measure) of related portfolios is insignificant. For
instance, the absolute difference among the illiquidity measures of L-1, S-5 and P-1 is
zero if each of these the most liquid portfolios are accumulations of the same stocks.
We test for this situation and find that it is not the case; that is, the absolute difference
of the zero measure for L-1, S-5 and P-1 is quite significant. Such is also the case with
other portfolios. Similarly, the absolute return differences between the related
portfolios are also quite significant, which gives the impression that the construction of
portfolios still challenges the asset pricing models to capture the dissimilar illiquidity
measures and return patterns of each portfolio used in this paper 5. Nevertheless, a true
test is to price the obviously dissimilar patterns for the extreme portfolios.
2.3. Construction of other risk factors
In addition to illiquidity factors, we also construct other risk factors 6that are commonly
referenced in the extant literature for their ability to price various assets, namely, size
and value factors usually named SMB (small minus big) and HML (high minus low).
Further, we calculate the momentum factor attributed to Jegadeesh and Titman (1993)
referred to as WML (winner minus losers).
We calculate the market capitalizations and book to market (BM) ratio of the firms
traded in the Finnish market. We apportion the entire firms on the basis of the median
of the market capitalization of all firms, resulting in portfolios with equal numbers of
stocks, one containing small firms (S) and the other containing large (B) firms. Then,
on the basis of the BM ratio of all the firms, we create three portfolios, one containing
the 30% of firms (L, growth) with the lowest BM ratios, another containing the middle
40% of firms (M) in the range of the 30% to 70% BM ratio, and the last containing the
top 30% of firms (H, Value) with the highest BM ratios. This procedure of constructing
size-and BM-related portfolios is updated each month based on the former and each
year based on the latter to incorporate maximum possible information. To create a
SMB factor, one practice is to take the intersection of small and large firms individually
with all BM-related portfolios, which results in six portfolios of SL, SM, SH, BL, BM,
and BH. Then, SMB is simply the difference of the average monthly returns of the
former three portfolios and the latter three portfolios. HML is the difference between
the average monthly returns on the value portfolios SH and BH and the growth
portfolios SL and BL.
To create a momentum factor, we also use standard practice and find the average of the
past 12 months’ cumulative returns (excluding the last month) for all the firms in the
sample. Then, on the basis of last year’s momentum we create three portfolios. The first
portfolio contains the lowest 30% of past performing firms (L, loser), the second
contains the next 40% of firms (N, neutral), and third contains the top 30% of
The correlation matrix for return structure of the constructed portfolios is available upon request.
For instance Pastor and Stambaugh (2003) used Fama and French (1993) factors to explain a return
dispersion of extreme liquid and illiquid portfolios.

5

6

109

performing firms (W, winners). For each month, this procedure is repeated to update
the returns on these portfolios. Then, we take the intersection of small and large firms
across these three past performance-based portfolios, which results in six portfolios.
Because we observe past performance within small and large firms, these portfolios are
named SLM, SN, SW for small firms and BLM, BN and BW for large firms. To create a
momentum factor WML, we simply subtract the average returns for the last winners
SW and BW from the last losers SL and BL. All the risk factors calculated in this study
with the exception of the SML factor have returns that are statistically and
economically significant.
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3.

ESTIMATION PROCEDURE
7

Illiquidity is a predictable characteristic if seen in levels. Therefore, most of the studies
elaborate the rationale to work with innovation in illiquidity because innovations are
unpredictable. In the context of this study, innovation in illiquidity provides an easily
interpretable relationship with returns. For instance, a positive shock to illiquidity
means that on average market-wide zero returns increase, which result in a sudden
decrease in trading activity/liquidity in market. The need to observe the effect of this
sudden non-tradability on the returns of different assets makes cross-sectional tests
more meaningful. Therefore, we use an ARMA model to obtain the following monthly
illiquidity series:

Lit

p

q

i 1

i 1

c  ¦ ) i Lit i  ¦ 4 i H tii  H ti .

(1)

As expected, the above model yields a high R2 value of 73% when we use ARMA (2, 1).
The two autoregressive terms and one lag of the moving average seem to be the best
model as suggested by different information criteria. We then test innovation in the
zero measure estimated by equation (1) for autocorrelation and use the AR (1) model,
which shows no significant pattern of serial correlation. Thus, the resulting series,
which is shown in Figure 1, is relatively stationary. Similarly, innovation in the fifteen
test portfolios illiquidity series are also computed using appropriate lengths of ARMA
series. Further, we analyze some characteristics of market illiquidity. That is, the mean
of innovation in market illiquidity is zero with a standard deviation of 4.67 x 10-2. The
maximum unexpected rise in zero returns is 17%, and the minimum is -11%.
.20
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Figure 1 Innovation in the zero measure from 1994:1 to 2009:5.

Next, a correlation patterns among the pricing factors that are used in this study are
presented in Table 4. An innovation in market illiquidity MI is slightly correlated with
market return, MR, and size-related strategy, SMB, at -0.23 and -0.27 but has no
significant correlations with the other HML and WML strategies. The negative
correlations of MI with MR and SMB are no surprise because when market illiquidity
increases unexpectedly, assets returns are expected to decrease and of course, these
factors are return-based strategies. This effect for the market and small-sized firms is
present; however, for value and momentum strategies, this effect is not visible over
time.
7 Ronnie Sadka (2006) quoted many studies in which working with innovation in macro-economic variable
is preferred than working with expected changes.
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Table 4

Correlation among risk factors

MR denotes excess market returns for the Finnish market. SMB is the monthly differences in returns for
small firms (lower capitalized) and large firms (highly capitalized), and HML is the monthly return
differences between high-value minus low-value firms. These aforementioned excess returns of the
portfolios are Fama and French’s (1993) three factors. WML signifies monthly return differences on a
winner minus loser strategy. Lastly, MI is the unexpected rises and falls in zero returns that capture
innovation in market illiquidity. The table sketches how these factors are correlated among each other over
time for the period of 1994:1 to 2009:5 for the Finnish market. All these measures are equally weighted.

MR
SMB
HML
WML
MI

MR

SMB

HML

WML

MI

1.00
0.23
0.00
0.12
-0.23

0.23
1.00
0.32
0.46
-0.27

0.00
0.32
1.00
0.47
0.01

0.12
0.46
0.47
1.00
-0.05

-0.23
-0.27
0.01
-0.05
1.00

The estimation begins with an analysis and determination of the most significant
illiquidity-related risk. Then, we further test whether the most successful illiquidity
factor alone is sufficient for capturing all pricing information that MR, SMB, HML and
WML hold alone or together. This type of testing of a cross-sectional analysis has been
proposed in recent literature 8 as well.
Further, to test whether the illiquidity effect is manifested by commonality in liquidity
and its impact on pricing, we also fit the ARMA structure provided as equation (1) for
Zero-Measure-II. With two autoregressive lags, the R2 of the model is 63%, which is
anticipated because the series is highly autocorrected to the extent of 0.75 at a monthly
frequency. We then collected the residuals of the best linear fitted model for ZeroMeasure-II, which is our innovation in the illiquidity series.
3.1. Cross-section regressions
We use a cross-sectional regression consistent with the methodology proposed by
Black, Jensen and Scholes (1972) and estimate the following asset pricing model:

E ( Ri ) D 0  OE i .

(2)

The left hand side of above equation, E ( Ri ) , is the expected excess return of our testing
portfolios. We include D 0 to determine how large the pricing errors for all the tested
models are and expect it to be near zero (because excess returns are used in this
analysis) such that only the pricing factor used is an appropriate measure of risk. The
E i is a vector of factor loadings 9 depending on model. These loadings may differ. For
instance, for Fama and French’s (1993) model, there are three factor loadings.
Importantly, O is a vector of risk premia. For a pricing factor to be priced, it should be
significantly different than zero. There is, however, a theoretical restriction on pricing
factor is also a traded portfolio. For instance, if the factor loading is estimated when the
8Lewellen

et al. (2010, p-178) suggested in the context of a different set of assets that “we are impressed if a
one-factor model works well as the FF-factors”.
9 Factor loading is simply the covariance between asset returns and a pricing factor overtime scaled by the
variance of the factor itself.
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factor is a market return, then in the cross-sectional regression of (2), the risk premium
O should be equal to the sample average of the market return 10.
In equation (2), a measure of risk E i is not an observed characteristic and therefore
has to be pre-estimated as follows:
Rit

E 0,i  E i f t  H i , t ,

(3)

this method is also commonly adhered as a two-pass methodology. Equation (3) is the
first pass in which time series analyses are conducted using the whole sample, and E i
on some factor is estimated. In the second pass, a cross-sectional regression as given in
equation (2) is estimated assuming that these time series betas are true measures of
risk. However, the estimated betas differ from their true betas by an estimation error.
The greater this estimation error is, the worse the error-in-variable problem is 11. One
remedy that the existing literature proposes is to use portfolios instead of individual
stocks. A second remedy is proposed by Shanken (1992). To incorporate both remedies,
we use portfolios in this study and also correct the standard errors of estimated risk
premia to reasonably evaluate statistical significance. To evaluate the performance of
each model, we report its adjusted R2 using equation (2) implying the factor loadings
estimated using equation (3), which generally reveals the extent to which return
dynamics are statistically explained. Naturally, when regression errors are small, the
model’s R2 tends to be higher. However, this high value alone, without a meaningful
12
intercept and slope coefficients , should be interpreted cautiously. In the context of
Fama and French’s (1993) model, the model’s R2 is meaningful if it is accompanied by
zero D 0 and a vector of risk premia O corresponding to sample averages of the MR,
SMB and HML factors.

10Fama

(1976) described in great detail how the coefficients of a cross-sectional regression can be
interpreted.
11 See Fama (1976) chap.9 for a detailed discussion of the error in variable problem and for general issues
relating to cross-sectional regression analysis.
12Lewellen et al. (2010) discuss at length how sometimes cross-sectionalR2 can be meaningless. For
example , see his prescription 2 on page 183.
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4.

DISCUSSION AND ANALYSIS

The estimation brings forth two dimensions of the analysis. One aspect relates to which
effect among the different illiquidity-related risk is the most relevant for the pricing of
the assets used in this paper. The second aspect relates to the following question: Does
it delves with, if only illiquidity risk alone matter the most, or are the other commonly
used models in finance better alternative to it? Therefore, we begin by discussing
different aspects of illiquidity risk individually and then test if the best factor among
them is also the most relevant when others pricing models are used.
4.1. Assets specific illiquidity shocks
An asset’s own illiquidity is priced 13; that is, the illiquid assets are traded at a lower
price in comparison to their returns. To measure asset-specific illiquidity, we use
innovation in the zero returns of each portfolio. Naturally, an illiquid asset has
uncertain trading patterns; that is, for illiquid assets, zero returns increase and
decrease greatly and unexpectedly in comparison to liquid assets. We test how these
uncertain trading patterns of assets are linked with their expected returns.
In Table 5, column 2 provides time series exposure of asset-specific shocks of the
portfolios on their return using equation (3). The signs and magnitudes of these betas
are quite anticipated and, most of the time, statistically significant. Over time, we
expect that if an asset’s zero returns are suddenly increased for any stock, then its
contemporaneous returns are depressed as a result of reduced demand. This effect is
strong for illiquid assets. This narration is very much a manifestation of the magnitudes
and signs of the portfolios betas in column 2 of Table 5. For instance, L-1, the most
liquid portfolio’s return, is positively related to its own illiquidity measure, whereas, for
L-5, the most illiquid portfolio, this effect is entirely opposite. Liquid stocks may
provide higher returns when their zero returns are increased and vice versa.
In Table 6, row 1 gives the price of risk by estimating using equation (2) for the assetspecific shocks. The pricing errors are quite significant statistically and economically.
Because we are using portfolio monthly excess returns, we expect the intercept to be
equal to the zero-beta rate over the risk-free rate, which hints that the intercept should
be around zero. However, we find significant pricing errors. The adjusted R2 is 59.38%,
and the price of risk is also significant; however, these estimates must be interpreted
cautiously in the presence of significant pricing errors. When we estimate equation (2)
by imposing the ex-ante restriction 14 that pricing errors are zero, we obtain a negative
R2, which vindicates that an asset’s specific illiquidity is not an adequate proxy for the
illiquidity effect for asset pricing. In Figure 2, with the caption of asset-specific shocks,
we plotted a scatter diagram between predicted returns (using the relevant price of risk
and associated factor loadings) and realized monthly returns. Although a positive
intercept is included for predicting returns, yet again the model predicts quite low
returns for the liquid portfolios.

One of the initial studies is of Amihud and Mendelson (1986), and then later many other studies support
this evidence that average liquidity is priced.
14Lewellen et al. (2010) propose that theoretical restrictions should be imposed ex ante or tested ex post to
test the effectiveness of any model tested.
13
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Table 5

Various illiquidity-related factor loadings

This table reports the factor loadings associated with different dimensions of the illiquidity effect by
estimating the following relationship:

Ri

E 0 ,i  E i f t  H i ,t

where Ri is a dependent variable that can be portfolio returns and, for some specifications, portfolio
illiquidity as well. In the second column of the table below, the returns on the different portfolios indicated
in column 1 are regressed on asset-specific innovations in illiquidity, and the resulting factor loadings are
shown. In column 3, the statistical significance of these loading is given. For the column labeled as
commonality in liquidity, the factor loadings of the individual portfolio’s illiquidity on innovation in
market illiquidity are recorded. Similarly, the next column tracks their statistical significance. The column
labeled as flight to liquidity includes the factor loadings of a portfolio’s return on the innovation in market
illiquidity. Lastly, the column labeled as depressed wealth effect includes the factor loadings of a portfolio’s
illiquidity on shocks to market returns. The respective significance of these factor loadings is shown in the
next columns. In columns 1, L shows portfolios sorted with the zero measure. S shows the size, and P
shows portfolios sorted by the price inverse ratio. The period of analysis is 1994:1 to 2005:5 for the Finnish
market. All measures are equally weighted.

t-stat

Flight to
liquidity

t-stat

Depressed
wealth
effect

t-stat

0.09

(1.86)

-0.20

(-1.79)

0.11

(1.63)

(-0.41)

0.13

(5.04)

-0.19

(-1.78)

-0.02

(-0.30)

-0.14

(-2.17)

0.27

(5.47)

-0.30

(-3.07)

-0.08

(-0.78)

L-4

-0.30

(-4.78)

0.92

(9.67)

-0.38

(-4.14)

-0.13

(-1.52)

L-5

-0.50

(-3.61)

3.78

(21.04)

-0.61

(-3.45)

-0.14

(-1.80)

S-1

-0.43

(-3.90)

2.93

(18.64)

-0.58

(-3.89)

-0.14

(-1.68)

S-2

-0.30

(-3.92)

1.11

(8.17)

-0.36

(-3.55)

-0.11

(-1.39)

S-3

-0.22

(-2.66)

0.44

(6.25)

-0.33

(-3.30)

-0.09

(-1.15)

S-4

-0.06

(-0.79)

0.24

(5.73)

-0.17

(-1.79)

-0.00

(-0.03)

S-5

0.18

(1.20)

0.07

(1.32)

-0.10

(-0.92)

0.11

(1.69)

P-1

0.01

(0.09)

0.26

(4.47)

-0.14

(-1.45)

-0.05

(-0.56)

P-2

-0.09

(-1.31)

0.41

(5.23)

-0.16

(-1.75)

-0.02

(-0.28)

P-3

-0.14

(-1.92)

0.53

(5.51)

-0.29

(-3.17)

-0.05

(-0.56)

P-4

-0.12

(-1.77)

1.33

(9.44)

-0.32

(-3.53)

0.06

(0.76)

P-5

-0.48

(-3.64)

2.31

(12.96)

-0.64

(-3.78)

-0.14

(-1.80)

Portfoli
os

Asset
specific

t-stat

L-1

0.19

(1.85)

L-2

-0.03

L-3

Common
ality in
liquidity

4.2. Commonality in liquidity
Many studies have indicated that illiquidity is a systematic risk. One group says that
15
changes in market liquidity affect changes in the asset’s liquidity and the liquidity of
larger capitalized firms changes more with market liquidity even though, on average,
they remain the most liquid. This effect is present (results not reported) for the Finnish
market for the period of 1994:1-2009:5. However, to link this with asset pricing,
15The study of Chordia et al. (2000) is probably the first to discuss that assets (portfolio) and market
liquidity commonly vary over time.
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Acharya and Pedersen (2005) gauged this commonality through the covariance
between innovation in the market and stock illiquidity. Similarly, using equation (3),
we regress individual portfolios’ illiquidity on market illiquidity. The resulting factor
loadings are shown under the column labeled commonality in liquidity in Table 5. It is
quite obvious that a portfolio’s level of illiquidity and the magnitude of its
betas 16increase in some relationship so, as their statistical significances. That is, the
liquid portfolio co-varies the least and the illiquid portfolio co-varies the most with
market illiquidity. The R2 (not reported) values of these regressions are also higher for
illiquid portfolios, showing that illiquid portfolios are the most sensitive to shocks in
market illiquidity. To ensure that illiquidity risk due to commonality in liquidity
Table 6

Pricing of various aspects of illiquidity risk

This table reports the price of risk associated with the illiquidity-related factor loadings shown in table 5
for the Finnish market for the period of 1994:1 to 2005:5. These prices of risk are associated with different
aspects of illiquidity and are estimated using the following cross-sectional regression:

E ( Ri ) D 0  OE i

Where

D 0 is the pricing errors associated with each cross-section and is estimated and shown in column 1

and O is the price of risk associated with different factor loadings. In model 1, the price of risk associated
with assets’ own illiquidity shocks is provided. In models 2, 3, and 4 the price of risk associated with the
flight to liquidity effect, commonality in liquidity and depressed wealth effect are shown. Below each
estimate in parentheses is its statistical significance, which is corrected in line with Shanken (1992). In the
last column, the R2 and adjusted R2 (in parentheses) values associated with each model are reported.

Pricing
errors
1
2
3
4

0.0062
(5.0788)
0.0057
(4.4415)
0.0001
(0.0553)
0.0078
(5.5540)

Price of
asset
specific risk
-0.0218
(-2.1950)

Price of risk
1st

0.0041
(0.1385)

Price of risk
2nd

-0.0303
(-1.8606)

Price of risk
3rd

-0.0418
(-2.3217)

R2
0.6227
(0.5938)
0.6275
(0.5988)
0.8093
(0.7946)
0.3792
(0.3315)

is priced, the associated price of risk is estimated using equation (2). It is found to be
positive but not significant. By contrast, the variance of the estimate is scaled up by
Shanken’s (1992) suggested correction, which mainly contributes to its insignificance.
The positive price of risk is very much expected 17 because investors demand to be
compensated for holding assets that become harder to trade when the market overall
becomes more illiquid. Above all, as shown in Table 6 row 2, the pricing errors are too
high to be ignored. In the presence of significant pricing errors, the pricing capacity of
the commonality in liquidity effect is bleak. In Figure 2, a scatter diagram with a
caption of the price of risk first plots model predicted returns against realized returns
under the caption of price of risk 1st. We can further test the significance of
commonality in liquidity as a risk factor by imposing zero pricing errors as an ex ante
restriction for model (2) and, in doing so, reduce the R2 to merely 6%.
To, test the commonality effect we use a slight different version of illiquidity measure, that is, we use
zero measure-II , as discussed in data section that unlike zero measure-I the maximum measure of
illiquidity has higher upper limit. This makes it easy to track a commonality effect which is not present if
we use zero measure-I when maximum measure of illiquidity could only be 1.
17Acharya and Pedersen (2005) gave detailed economic intuition regarding the pricing of different
illiquidity-related covariance.

16
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4.3. Flight to liquidity effect
18
The most extensively studied relationship between illiquidity risk and asset pricing is
related to the covariance between market illiquidity and stock returns. Amihud (2002)
proposed that innovation in market illiquidity affects the returns on illiquid assets the
most. In the context of the measure of illiquidity used in this paper, we test how
unexpected rises and falls in the overall market zero return increase and depress the
returns of which type of assets in a pronounced way. For our initial test, we segregate
the returns into two regimes, one in which the days with zero returns within a month
are suddenly increased and the second in which these days are suddenly decreased. The
former is an instance of increased market illiquidity, and the latter is an instance of
increased market liquidity. Table 7 reports the annual return patterns at two different
times.

The first half of Table 7 shows the annual returns for five portfolios at times when the
market is short of liquidity. The portfolios are sorted with the zero measure with
increasing illiquidity, with the first portfolio being the most liquid and the fifth being
the most illiquid. The first two liquid portfolios have positive returns, whereas the three
lesser liquid portfolios have negative returns. The actual decline in returns between
these two sub-periods is quite phenomenal and very much in accordance with the
portfolios’ measures of illiquidity. In good times, the returns are true functions of
portfolio illiquidity; these returns are shown in the second half of the table under the
caption of an unexpected decrease in zero returns.
The most illiquid portfolio provides 44.015% returns in good times, decreasing to 0.031% annually in bad times, which is the highest decline in returns between two
regimes for any of the portfolios sorted with the zero measure. With the other
portfolios, the pattern is the same. It is only with the price inverse ratio that the returns
of the least priced portfolio (illiquid as well) are the highest in the both regimes.
However, the decline in returns is still among the highest.
Indeed, the innovation in illiquidity has an impact on the expected returns for the
Finnish market. The Table 5 column labeled as the flight to liquidity displays the factor
loadings estimated through equation (3). There is an obvious pattern associated with
these betas very much in line with Amihud’s (2002) study for the U.S market. For
instance, for size portfolios for the Finnish market for the period of 1994:1-2009:5, the
factor loadings decrease with the size 19 factor. To test whether these loadings line up in
some relationship with the expected return, we test model (2). The results are reported
in row 3 of Table 6. In this instance, the pricing errors of the model are statistically
insignificant and economically almost non-existent. This model fulfills the theoretical
proposition that the intercept associated with zero-beta should earn a zero return once
excess returns are used.

Amihud (2002) and Pater and Stambaugh (2002) are probably the initial studies for the U.S. market to
point to pricing of this covariance.
19
Amihud (2002) produces the same evidence for the U.S. market for size-related portfolios, and Bekaert et al.
(2007) do so for the nineteen emerging markets on their return indexes.
18
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Figure 2 Different dimensions of the illiquidity effect:
Model-fitted versus realized monthly excess returns are plotted for the fifteen portfolios used in this paper
for the period of 1994:1 to 2005:5 for the Finnish market. All four of these scatter diagrams are drawn by
estimating price of risk related with four different dimensions of the illiquidity effect. Asset-specific shocks
are unanticipated changes in zero returns for each portfolios. The price of risk 1st is related to the
commonality of liquidity factorand tests the pricing implications of the covariance between a portfolio’s
liquidity and the market’s liquidity. The price of risk 2nd is related to the flight to liquidity effect and
summarizes the pricing implications of a covariance between a portfolio’s return and the market’s
illiquidity.Lastly, the price of risk 3rd is the pricing implications of the covariance between a protfolio’s
liquidity and the market’s return.

Further, the risk associated with the flight to liquidity factor is priced negatively and is
statistically significant. The negative price of risk is also theoretically tenable; a
rigorous economic interpretation is given by Acharya and Pedersen (2005). Briefly
described, the covariance between asset returns and market illiquidity is negatively
priced because an asset that has higher returns when the market’s illiquidity increases
(liquidity decreases) will be in greater demand. For that asset, investors can sacrifice
some of the returns during good times, that is, when the market is liquid. On the whole,
for such assets, investors are willing to accept lesser returns overall.
These descriptions also match well with the findings of Table 7, in which liquid
portfolios have lesser returns in tranquil periods, but their returns are not very
depressed in bad times compared to illiquid portfolios. Lastly, in Table 6 row 3, the
highest adjusted R2 is associated with the flight to liquidity effect among all illiquidityrelated factors. To further test the model suitability, we impose an ex ante restriction of
a zero pricing error and find no decrease in R2, which vindicates the notion that it is
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illiquidity risk that is adequately priced. In Figure 2, the scatter diagram between
predicted model returns and monthly realized excess returns is shown under the
caption of price of risk 2nd. Obviously this dimension of the illiquidity effect attributed
with flight to liquidity predicts returns in better way among other dimensions of
illiquidity effect. We may stress here that, some what similar graphical imprints from
other dimensions to liquidity risk to flight of liquidity effect is because we have
included the intercept in the calculation of predicted returns. As mentioned in previous
sections that if we impose zero intercept restriction then the performance of other
dimensions of liquidity risk except flight to liquidity effect is quite weak.
Return pattern of the portfolios in different illiquidity-related regimes

Table 7

The table below reports for five portfolios their returns patterns when the market’s overall zero returns are
either suddenly increased or decreased for the Finnish market for the period of 1994:1 to 2005:5. The
portfolios returns are sorted on the basis of the previous month’s zero measure, market capitalization
(size), and price inverse ratio of the firms included in the sample. The columns under the title of an
unexpected increase in zero returns display yearly returns of five portfolios each sorted by different
characteristics when the market’s illiquidity has suddenly increased. Similarly, the columns under the
heading of an unexpected decrease in zero returns display return patterns for the same portfolios when the
market’s illiquidity has suddenly decreased.

Portfolios
1
2
3
4
5

4.4.

Unexpected increase in zero
returns
Zero
Price
Size
Measure
Inverse

Unexpected decrease in zero
returns
Zero
Price
Size
Measure
Inverse

2.50%
5.99%
-1.37%
-5.38%
-0.03%

11.68%
17.63%
19.66%
25.11%
44.02%

0.02%
-4.68%
1.83%
-1.63%
6.30%

-3.17%
1.82%
2.05%
-6.08%
7.86%

39.18%
22.18%
25.13%
12.23%
8.89%

6.11%
12.57%
22.02%
20.60%
47.43%

Depressed wealth effect

Lastly, we test whether the covariance between stock illiquidity and market returns is
20
priced . We estimate equation (3) with innovation in the illiquidity of the portfolios as
the dependent variable and shocks to market returns as a factor. The factor loadings are
shown in Table 5 in the column labeled as the depressed wealth effect. The magnitudes
and signs are very much what one would anticipate. When market returns are
depressed, we expect the transaction costs for illiquid assets to increase more. That is, a
negative magnitude in covariance should increase in the nexus with the level of
illiquidity of the portfolios, which is indeed the case. However, these factor loadings are
not very statistically significant save the partial significance of a few extreme portfolios.
Further, we observe(not reported) no visible return patterns as found in Table 7 for the
portfolios returns when positive or negative shocks to market returns are observed.
Overall, it can be said that this covariance is the weakest among all of those tested to
track the effect of illiquidity on returns.
To test that this covariance is priced, we use model (2). Like the flight to liquidity
aspect, this covariance is expected to be priced negatively. As an asset whose illiquidity
decreases (liquidity increase) when the return on market portfolio decreases, is of
20

Achaya and Pedersen (2005) for the first time tested the price of risk associated with this covariance and found it to
be the most significantly priced among the illiquidity-related risks for the U.S market.
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significant worth to investors because it provides an ease of tradability during times
when the economy is passing though bad times. The estimated coefficients are provided
in Table 6 row 4. The price of risk is, as expected, negative and significant. However,
the pricing errors of the model are economically higher and statistically the most
significant among all the failed models. It is of course no surprise that the ex-ante
restriction of zero pricing errors turns R2 negative. Thus, contrary to the findings for the
21
U.S market , this illiquidity-related covariance is not priced, which can be attributed to
the different measure of illiquidity 22 used in this paper. As in Table 1 of Acharya and
Pedersen (2005), using a different measure of illiquidity, the covariance between asset
illiquidity and the U.S market is significant for most portfolios; however, for the
Finnish market, it is not significant for most portfolios. In Figure 2, the scatter diagram
between predicted model returns and monthly realized excess returns is shown under
the caption of price of risk 3rd.
4.5. Pricing factors other than illiquidity
In addition to illiquidity-related pricing factors, we also test Fama and French’s (1993)
and Carhart’s (1996) models. First, we use the constituent factors of these models
separately to test for their individual pricing capacity. In this way, we can make
comparisons between them and the single most successful illiquidity factor. Doing this
also addresses whether illiquidity risk has a more distinctive pricing capacity than the
size and value factors. For the size and value factors, we use Fama and French’s (1993)
SMB and HML. In addition, we also use the momentum factor WML. First, the factor
loadings of the portfolio returns over these factors are estimated using equation (3)
individually for each factor (the results are not reported). Then, the risk premia
associated with these factors are estimated using model (2). A similar procedure is
repeated for Fama and French’s (1993) and Carhart’s (1996) models 23.
In the case of the former model, the factor loadings are reported in Table 8. Last, the
risk premia associated with individual factors with both models are shown in Table 9.
In row 1 of Table 9 the price of risk associated with the market factor and associated
pricing errors and adjusted R2 are given. Similarly, in rows 2, 3 and 4, the same
estimates are given for the size, value and momentum factors. In all of these tested
models, the pricing errors are quite significant and very different than zero. Further, all
of the factors used are tradable portfolios themselves; hence, theoretically, the price of
risk associated with each should correspond to their sample averages.

21

Acharya and Pedersen (2005) reported that out of the 1.1% annual difference explained between the most illiquid
and liquid portfolios for the U.S market, the beta between asset illiquidity and market return explained 0.84% of the
total illiquidity-related risk. By contrast, the beta between asset illiquidity and market illiquidity (commonality in
liquidity) explained 0.08%, and the beta between portfolio returns and market illiquidity (flight to
liquidity) explained 0.16%.
22Acharya and Pedersen (2005) used a variant of Amihud’s (2002) measure of illiquidity, which traces an
impact of the traded volume of some asset over its return.
23To conserve space, the factor loadings associated with Carhart (1996) are not shown and can be provided
upon request.
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Table 8

Three-factor model related factor loadings on the portfolios

This table reports the factor loadings associated with the three-factor model of Fama and French (1993) by
estimating the following relationship:

Rit
where
vector

E 0,i  E i f t  H i ,t

Ri is the excess return of the fifteen portfolios shown in column 1. The returns are regressed on
f t , which is comprised of three factors: excess market returns are known as the market factor; SMB

is the excess return of small minus large firms and is known as the size factor; and lastly, HML is the excess
return of value firms minus growth firms and is known as the value factor. The excess returns on all
portfolios and for the three return strategies are on monthly basis for the period of 1994:1 to 2005:5 for the
Finnish market. Column 2 shows factor loadings on the market factor. Column 4 depicts factor loadings on
the size factor. Column 6 depicts factor loadings on the value factor. The statistical significance of these
loading is provided in the next column in each case. In columns 1, L shows portfolios sorted by the zero
measure. S shows portfolios sorted by size, and P shows portfolios sorted by the price inverse. All measures
are equally weighted.

Portfolios

Market
factor

T-Statistics

Size factor

T-Statistics

Value
factor

T-Statistics

L-1
L-2
L-3
L-4
L-5
S-1
S-2
S-3
S-4
S-5
P-1
P-2
P-3
P-4
P-5

1.15
1.05
0.95
0.85
1.06
1.10
0.95
1.00
0.93
1.03
0.95
0.93
0.94
0.86
1.35

(38.38)
(31.36)
(28.04)
(23.37)
(17.99)
(28.03)
(27.35)
(32.69)
(36.36)
(39.59)
(35.97)
(35.33)
(34.29)
(28.17)
(26.46)

-0.39
-0.35
-0.12
0.11
1.18
0.94
0.08
-0.07
-0.36
-0.59
-0.36
-0.31
-0.22
0.02
0.89

(-10.12)
(-8.23)
(-2.67)
(2.33)
(15.65)
(18.62)
(1.82)
(-1.71)
(-10.93)
(-17.93)
(-10.57)
(-9.21)
(-6.24)
(0.60)
(13.73)

-0.07
-0.12
-0.10
-0.09
0.54
0.20
-0.16
-0.25
-0.04
0.20
-0.10
0.03
0.02
-0.07
0.10

(-2.01)
(-2.92)
(-2.41)
(-2.08)
(7.36)
(4.12)
(-3.63)
(-6.52)
(-1.30)
(6.30)
(-2.88)
(0.79)
(0.60)
(-1.93)
(1.65)

Both of these restrictions imposed by the theory on the intercept and slope of an asset
pricing model are not fulfilled. Therefore, the high R2 for a few of the models should be
interpreted with a caution. We therefore plot the scatter diagram shown as Figure 3
while estimating the price of risk imposing a zero pricing error constraint on equation
(2). In this way, we can interpret the failing of the model precisely. Further, this also
allows us to track the distinctive failures of each factor.
For instance, in the top left panel of Figure 3, when the price of risk associated with the
market factor is used, we see half of assets below the line and almost half above, which
is typical when returns on illiquidity-related portfolios are explained with the market
factor. Because CAPM predicts higher returns for liquid assets and lower returns for
illiquid assets, the portfolios far below the 45 degree line are the most illiquid portfolios
and those above are the most liquid portfolios. In the top right of Figure3, a scatter
diagram with the caption of the price of size factor uses the SMB factor to explain the
return pattern for the portfolios used. Here, we see a diametrically opposite pattern
compared to the market factor. The size factor explains the returns on illiquid portfolios
better than extreme liquid and other portfolios. Especially for liquid portfolios, size
predicts negative returns. The negative factor loadings for liquid portfolios are quite
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Table 9

Pricing of risk with other models

This table reports the price of risk associated with Fama and French’s (1993) three-factor model and
Carhart’s (1996) four-factor model. Further, the price of risk associated with the component factors of
these models are also estimated using the following cross-section regression:

E ( Ri ) D 0  OE i

D 0 is the pricing errors and shown in column 1, with the corresponding statistical significance given
in parentheses; and O is a vector price of risks associated with different factor loadings E i . In model 1, the
where

price of risk associated with loadings on the market factor is estimated. In model 2, the price of risk
associated with factor loadings on the size factor is estimated. In model 3, the price of risk associated with
factor loadings on the value factor, known as HML, is estimated. In model 4, price of risk associated with
the momentum factor, known as WML, is estimated. In model 5, price of risk associated with Fama and
French’s (1993) three factors are estimated. Lastly, in Model 6, the price of risk associated with Carhart’s
(1996) model is estimated. For each model’s price of risk, the Shanken (1992) corrected statistical
significance is given below the estimate in parentheses. In the last column, the R2 and adjusted R2 (in
parentheses) values associated with each cross-sectional regression are shown.

1
2
3
4
5
6

Pricing
Errors
-0.0176
(-4.8250)
0.0070
(8.2792)
0.0094
(9.4951)
0.0077
(6.8956)
-0.0062
(-1.2194)
-0.0055
(-1.2012)

Market
Factor
0.0270
(2.1234)

0.0146
(1.7602)
0.0139
(1.6338)

Size Factor

0.0086
(2.0072)

0.0079
(1.9051)
0.0076
(1.8508)

Value
Factor

0.0138
(1.7965)
-0.0004
(-0.0569)
0.0037
(0.6347)

Momentum
Factor

0.0122
(1.7564)
-0.0051
(-0.7658)

R2
0.8190
(0.8051)
0.7761
(0.7588)
0.6042
(0.5737)
0.5893
(0.5577)
0.8538
(0.8140)
0.8899
(.85988)

understandable because these portfolios are hedged against a size-based return strategy
and yield higher returns when small firms have lower returns and vice versa. Similarly,
the value and momentum factors also predict negative returns for the liquid portfolios,
and higher positive returns are predicted for only illiquid portfolios. Nevertheless, no
factor in its own capacity can compete against the best illiquidity-related factor, which
captures the dynamics of both the liquid and illiquid portfolio returns equally well.
Lastly, we test the Fama and French’s (1993) and Carhart’s (1996) models. The factor
loadings for Fama and French (1993) model have an obvious pattern, which can be
observed in Table 8. There are diametric opposite loadings on the market, size and
value factors. These loadings give the impression that the loadings on the market factor
are well adjusted, taking into account the loadings on the size and value factors. For
expositional purposes 24, we conjecture that the true market beta can be expressed as
E netbeta E capm  E smb  E hml . Using this true market beta in the cross-sectional
25
regression (2), we obtain insignificant pricing errors , and the performance of the
26
model is persistent even if we impose a zero-beta rate restriction.

This assumption could have substance if the price of risk associated with all three factors is the same
because this price of risk should ideally correspond to the factors’ sample averages, which is not the case.
25 The pricing error is 0.0015 on a monthly basis with a t-statistic of 1.212, whereas with the market beta
(without adjustment from other factors), the pricing error is -0.0176 on a monthly basis with a t-statistic of
4.825.
26 The model adjusted R2 is 78% with the price of risk equal to 0.0079.
24
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Figure 3 Different pricing factors:
Model-fitted versus realized monthly excess returns are plotted for the fifteen portfolios used in this paper
for the period of 1994:1 to 2005:5 for the Finnish market. All four of these scatter diagrams are drawn by
estimating the price of risk on the market, size, value and momentum factors individually.

In Table 9 rows 5 and 6, the related estimates for Fama and French’s (1993) and
Carhart’s (1997) models are provided. The pricing errors are statistically insignificant
and the adjusted R2 values are slightly higher for both in comparison to the illiquidityrelated model shown in Table 6 row 3. However, theoretically, the price of risk
estimated should equal the sample mean of the factors because all the factors in both
models are traded portfolios. Evidently, such is not the case because the sample
averages of the market, size, value and momentum factors are 0.0092, 0.0051, 0.0123
and 0.0067, respectively, which are beyond the risk premia estimated in rows 5 and 6
of Table 9. In Figure 4, the performance of these models is shown by drawing a scatter
diagram between the predicted and realized returns. By contrast, the only restriction
that we can test for the illiquidity-based model is a zero-beta rate because innovation in
market illiquidity is not a traded factor. Row 3 of Table 6 indicates that the model
intercept is 0.001% on a monthly basis, which is economically quite negligible and
statistically insignificant as well.
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Carhart model
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Figure 4 Other models:
Model-fitted versus realized monthly excess returns are plotted for the fifteen portfolios used in this paper
for the period of 1994:1 to 2005:5 for the Finnish market. To the left is an empirical fit of the three-factor
model of Fama and French (1993), and to the right is an empirical fit of Carhart’s (1996) model.
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Lastly, to predict the vast gulf between the most liquid and illiquid portfolios
accurately, the illiquidity factor needs no facilitation of any other factor, which is
enunciated through Figure 5. In the top left, the price of risk of market factors is used to
predict returns; three portfolios returns are below the line (the most illiquid), and three
are above. Evidently, CAPM predicts lower returns for illiquid portfolios and higher for
liquid portfolios. By contrast, in the Fama and French’s (1993) model, the market/size
factor predicts higher/lower returns for the liquid portfolios, and the reverse is true for
illiquid portfolios. As a net effect, the fitting of Fama and French’s (1993) model shown
in the top right is quite fine. Below these figures, a scatter diagram using the price of
risk associated with innovation in market illiquidity is shown. It has similar pricing
ability as Fama and French’s (1993) model and Carhart (1997) model, which alludes to
the fact that all the collective information about returns in the other models is
summarized in one illiquidity factor that captures the flight to liquidity effect for stock
returns.

Three factors model

2,5
2
1,5
1
0,5
0
-0,5
-0,5

0,5

1,5

2,5

% Realized monthly returns

Illiquidity adjustment
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Carhart model
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Figure 5 Model performance for the extreme portfolios:
Model-fitted versus realized monthly excess returns are plotted for the three the most liquid and illiquid
portfolios for the period of 1994:1 to 2005:5 for the Finnish market. In the top left is an empirical fit by
CAPM and to the right is a fit by Fama and French’s (1993) three-factor model. Below both is an empirical
fit by innovation in market illiquidity, capturing the flight to liquidity effect and a fit by Carhart (1997)
model.
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5.

CONCLUSION

This paper concludes that illiquidity risk is an important characteristic of the Finnish
market and significantly bears upon the cross-sectional returns for the period of 1994:1
to 2009:5. However, this evidence is for a limited set of assets whose return dispersion
can be attributed to some illiquidity-related characteristic. Further, it is not that all
dimensions of illiquidity risk are equally important. Among all the related risks
identified in Acharya and Pedersen (2005), only the flight to liquidity effect is
important in the context of this study. There is a commonality of liquidity effect, as
spelled out in Chordia (2002), over time, but this risk is not priced cross-sectionally.
We also test other important pricing factors to explain the returns of the portfolios used
in this paper. These factors are market, size, value and momentum. We first test them
individually to compare their standalone pricing capacity with illiquidity-related
factors. We find that all the factors in their individual capacity fail to explain returns in
any meaningful way. However, in combination, such as in Fama and French’s (1993)
three-factor and Carhart’s (1996) four-factor models, they provide a better empirical fit
due to the diametrically opposite factor loading associated with these factors, for
instance market factor assigns higher loading to liquid assets and lower to illiquid asset.
The size and value factors do the opposites and, in conjunction, they price assets quite
accurately. Nevertheless, the illiquidity factor in a single capacity explains the different
patterns of the returns as appropriately as the three-and four-factor models do.
Additionally, as suggested in Lewellen et al. (2010) the cross-sectional pricing errors
and price of risk should be consistent with theoretical restrictions implied in asset
pricing models. These restrictions are only met in the case of the illiquidity-related
model.
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1

INTRODUCTION

Numerous studies have documented the link between illiquidity and asset pricing.
Recently, however, the systematic aspect of illiquidity has been more closely examined
than its asset specific characteristics. One of the first studies to employ this approach is
Amihud (2002), where it is shown that expected illiquidity and unexpected changes in
market illiquidity are the two key dimensions of illiquidity risk, both having a
significant bearing on returns. This finding is further elaborated in other studies (see
Pastor and Stambaugh (2003), Lesmond et al. (2004) and Sadka R., (2006) and
others), which show that explanations of returns in terms of illiquidity risk are robust
across many asset pricing anomalies, and this explanation is not just confined for the
return structure created through the illiquidity effect. Much of this evidence, however,
consists of a single time-series and cross-section of stocks in the U.S. market, which is
supposedly the most liquid of financial markets.
Conversely, illiquidity risk is expected to be priced in illiquid markets, as suggested in
Bekaert et al. (2007). A number of recent studies have focused on illiquidity in
emerging markets. Lesmond (2005) estimates various proxy measures of illiquidity,
finding that such measures are associated with actual trading costs when measured
with high-frequency data, which are not, however, easily available for such markets.
Bekaert et al. (2007) tested Amihud’s (2002) hypothesis for 19 emerging markets. To
estimate market illiquidity, instances of zero monthly returns in equity markets across
all stocks are recorded, and it is reported that local liquidity matters for returns in
emerging markets. Griffin et al. (2010) also estimated transaction costs in various
emerging markets, finding that such costs are higher in emerging markets than in
developed markets. These studies establish that illiquidity risk matters in markets that
are relatively illiquid. However, to conduct asset pricing tests in most illiquid markets,
the availability of longer time-series and larger cross-sections of stocks has been an
issue. To circumvent this difficulty, most studies, relying on similar characteristics of
these markets, pool together all the stocks listed in them. In the present study,
therefore, the impact of the illiquidity effect is studied in the four Nordic markets,
namely, Denmark, Finland, Norway, and Sweden as a single cross-section of stocks. As
these markets are comparatively illiquid and quite small, in comparison to the U.S
market, they are suitable candidates for a study of illiquidity.
In addition to examining the influence of illiquidity risk on asset prices, an influential
strand of literature has proposed new measures of illiquidity, measures that can proxy
for the actual transaction costs of trading assets. Such an approach is clearly required,
as illiquidity is not an observable characteristic. In addition, in many markets, high
frequency data are not available, so that longer series similar to that of Kayle (1985)
cannot be estimated, nor can data on five-minute pricing spreads covering many years
be accumulated. Therefore, studies of illiquidity usually rely on proxy measures,
estimated using daily data, so that longer series of an appropriate size for asset pricing
tests can be constructed. In a recent paper, Goyenko et al. (2009) propose proxy
illiquidity measures that are effective, as they are linked to their counterpart measures
when calculated using high frequency data for the U.S. markets.
Therefore, in this paper we estimate most of the proxy measures of illiquidity used in
Goyenko et al. (2009). One such measure, proposed by Amihud (2002) (henceforth
“Amihud”) and used extensively in the literature, as it is akin to Kayle’s (1985)
illiquidity measure, and gauges the impact on returns of the volume of shares traded.
Second, we estimate the measure proposed by Roll (1984) (henceforth “Roll spread”), a
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measure that takes illiquidity to be related to the effective spread. Similarly, the most
recent illiquidity measure, proposed by Corwin and Schultz (2011) (henceforth “HL
spread”), which proxy the bid-ask spread from daily low and high prices. Lastly, we
estimate the monthly incidences of zero returns, as proposed by Lesmond et al. (1999)
(henceforth “ZERO-II”) and used by Bekaert et al. (2007). A rationale for the
identification of zero returns as an instance of illiquidity is that the investors choose not
to trade while anticipating that the transaction costs associated with trading will exceed
potential profits.
We estimate all these illiquidity measures from the perspective of an international
investor who measures returns in U.S. dollars. Other than for the ZERO-II measure,
measuring local illiquidity in dollar terms, rather than in local currencies, does not
make a significant difference. In the case of ZERO-II, the use of dollar returns generally
has an effect because, when stocks are not traded in equity markets and the exchangerate between the dollar and the local currency fluctuates, zero returns will, in fact, be
non-zero. Thus, estimating illiquidity in dollar terms (henceforth “ZERO-I”) is different
from ZERO-II, which is estimated by Bekaert et al. (2007). There is an additional
advantage in estimating illiquidity in this way, in that, for there to be zero returns in the
equity market, another condition is required, namely, implicit zero returns from
currency trading, i.e., trading in dollars or in the local currencies of the countries
included in the study 1. Clearly, then, if there is no change in exchange rates, there is an
implicit zero return on trading in the Forex market. However, in this paper, we do not
test the proposition that investors hedge the risk of non-trading (zero returns) in equity
markets by taking positions in currencies. For the purposes of this paper, this double
criterion of zero return in the equity market and an implicit zero return in the Forex
market is most likely to be met if the stock is not traded continuously over a long time
period. Therefore, ZERO-I naturally accounts for the length of the non-trading interval
in estimating illiquidity, which is also regarded as a higher instance of illiquidity in
Bakaert et al. (2007). Nevertheless, all measures of illiquidity estimated in dollar terms
for all four Nordic markets are inversely related to the sizes of firms, which is an
indirect hint that these measures are related to transaction costs (see Demsetz 1968,
Copeland and Galai 1983, Roll 1984). In addition, all of estimated illiquidity measures
are highly correlated with each other.
In most studies, any individual measure of illiquidity can in general be chosen to
conduct an asset pricing test. However, in a recent paper Korajczyk and Sadka (2008)
construct a new measure of illiquidity by combining information from the various
measures of illiquidity and find that their new measure has more significant
implications for asset pricing than do the standalone measures. In this paper, instead of
extracting a common component of illiquidity from the estimated measures, we
conduct a horse-race among them, to find the measure that is most relevant. By
relevant, we mean the measure that yields the highest return spread between the most
illiquid and liquid portfolios. To this end, monthly returns on all stocks are partitioned
into quintiles sorted based on the previous month’s measure of illiquidity so that the
quintiles are arranged in order of increasing degrees of illiquidity with respect to the
particular measure of illiquidity used. Using ZERO-I, we find that the return spread is
the highest for all stocks combined in the Nordic region and for each of its constituent
markets. In addition to ZERO-I, the ZERO-II measure performs somewhat
consistently. This suggests that non-overlapping information in ZERO-1 and ZERO-II
accounts for the return spread in the presence of high correlation among all estimated
Provided that an international investor is only interested for investing in $/Local exchange rate
fluctuations.

1

132

illiquidity measures. Therefore, we use these measures in conducting our asset pricing
tests.
To proxy for market-wide illiquidity risk in the four Nordic markets, we average across
all stocks their respective monthly ZERO-I and ZERO-II measures for the period from
1988:4 to 2012:4. Additionally, we fit an AR (2) model on market-wide illiquidity to
collect residuals to capture un-anticipated changes in market illiquidity. The pricing
implications of the level of illiquidity and illiquidity shocks have been previously tested.
Amihud (2002), for example, shows for the U.S market that the level of illiquidity
predicts positive returns while illiquidity shocks depress contemporaneous returns.
Similarly, Bekaert et al. (2007) tests these hypotheses in emerging markets. Finally,
Acharya and Pederson (2005) provide economic reasoning behind the pricing of
illiquidity risk. In this study, we investigate the relationship between illiquidity risk and
a cross-section of stock returns in four Nordic markets. Our results support the
conjecture that the level of market illiquidity predicts positive returns. However, this
support is found only in application of the ZERO-I measure. We also find that
illiquidity shocks are negatively priced, as expected, but that models that incorporate
this effect generally have significant pricing errors.
More importantly, using the ZERO-I measure, one can construct a factor-mimicking
portfolio, yielding excess returns by being long and short in illiquid and liquid
portfolios, with a zero-investment strategy (in line with the Fama-French three-factor
model in Fama and French (1993)),while controlling for the size factor. This illiquidity
factor is also resilient in explaining the cross-section of stock returns. However, these
illiquidity-related characteristics better explain returns on portfolios that are
constructed on the basis of illiquidity-related characteristics, that is, size and price
inverse ratio. For these portfolios, illiquidity risk is sufficient, requiring no facilitation
from general market factors. However, when the cross-section of momentum-related
portfolio returns is used, then illiquidity risk, as a standalone characteristic, is
insufficient. In that case, by contrast, a two-factor model that combines illiquidity risk
and market factor yields pricing errors that are insignificant. Nevertheless, even in that
case, a major contribution comes from the illiquidity-related factor.
The paper is organized as follows. Section 2 describes the construction of illiquidity
measures. Section 3 shows how the various illiquidity measures are related and
discusses various characteristics of them. Section 4 discusses the choice of illiquidity
measure for the asset pricing test. Section 5 considers estimation methodology. Section
6 concludes the paper.

133

2.

ILLIQUIDITY MEASURES

To construct the various illiquidity measures, data were downloaded from
DATASTREAM for all four Nordic markets for the period from 1988:4 to 2012:4. Data
for this period are available for all markets considered here, namely, Denmark, Finland,
Norway, and Sweden. At the start of the period, just 91 firms were listed in the four
markets. By the end, the number of firms had risen to 1,065 firms; thus, these markets
had grown considerably. Overall, the average number of listed firms during this period
was 526. For each firm, the daily total return index, the volume of shares traded, share
prices, high and low price and size-related information were retrieved to estimate
illiquidity. In addition, the end-of-month total return index, size (market
capitalization), and price-related information for each stock were also retrieved. Using
these stock characteristics, the following measures were estimated.
2.1. Amihud Measure
This measure, which takes into account the impact of trade orders on returns, is most
likely the most commonly used measure of illiquidity. Proposed by Amihud (2002), it
intrinsically conforms with Kayle’s (1985) concept of illiquidity and is used by Acharya
and Pedersen (2005), among others. It is estimated as
Dim

ILLIQim

1 / Dim ¦ Rimd / VOLDimd

(1)

d 1

where Dim is the number of days for which data are available for stock i in month m.
The absolute return, Rimd , on stock i on day d of month m is divided by its
corresponding day traded volume in dollar, VOLDimd . The daily traded volume,
measured in dollars, is the number of shares of stock i traded multiplied by the end-ofday price for that stock. The ratio Rimd / VOLDimd gives the absolute change in return
per dollar traded, or the daily price impact. Naturally, then, ILLIQim is higher for an
illiquid stock than for a liquid stock. To construct a market measure of illiquidity, we
average the estimated Amihud measures for all stocks, using equation (1). Among the
qualification criteria in Amihud (2002), one is that stocks should be traded for at least
15 days. This condition alone narrows the applicability of the Amihud measure to just
50% of the stocks listed in the four markets. In addition, the stocks that are omitted as
a result of this condition are mostly illiquid stocks. Therefore, to accommodate illiquid
stocks in estimating the Amihud measure, we waived this restriction. However, in
another specification, we also estimate it by imposing this restriction, a measure that
we name Amihud-15.
2.2. Zero Measure
Lesmond et al. (1999) crystallized Rosett’s (1959) notion of friction in economics, the
idea that if an asset has a small market yield, holdings of the asset may remain
unchanged because of transaction costs. This lack of change in stock holdings is
manifested in zero returns. The larger is the number of an asset’s zero return days, the
higher are the anticipated transaction costs of the asset. The zero measure has been
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used as a measure of illiquidity in a number of recent studies 2. The advantage of
estimating illiquidity with this measure is that it requires only the availability of return
series. Thus, a more representative illiquidity measure is easily estimated. By contrast,
the Amihud measure cannot be estimated for every stock in the Nordic markets
because its construction requires the availability of daily volume, which is not
uniformly available.
We first measured zero returns in dollars denomination 3 for each market, with a
rationale that this procedure adds another economic insight in the Lesmond et al.
(1999) proposed measure of illiquidity. As elaborated in Lesmond et al. (1999), that for
the days when overall absolute 4 returns in the market are quite low, then the illiquid
stocks are not traded because their transaction cost is higher than the absolute returns
available in the market. We take a broader view for overall market returns, and account
for returns that are available in shape of currency fluctuations, which is a pertinent
matter in global investments as described in Campbell et al. (2010). Therefore if for
those days when most of the firms have zero returns, then as per Lesmond et al. (1999)
the contemporaneous absolute market returns actually represent their transaction cost.
We find that, for exactly those days the absolute returns of investing one unit of local
currency in dollar are either higher or equal to the returns available in four Nordic
equity markets 5. Therefore, investors still have this option to trade with the same
amount that is invested in the stock, in the FX market and earn profits as transaction
cost is not an issue in later markets. This proposition is realistic when currencies
concerned are competitive as in the case of Nordic markets and the U.S market.
Therefore we elaborate foregoing for the purpose of defining new measure of liquidity
as, zero returns occur when a stock is not traded in equity markets and there is no
change in the $/local exchange rate (or there are implicit zero returns from trading it in
the Forex market). This is shown as
ZERO-I = Total number of zero return days in both the equity and foreign exchange
markets/Total number of trading days.
(2)
One additional benefit of estimating illiquidity in this way is that it takes into account
the length of non-trading intervals 6. This is because, if currency fluctuations are
random and the stock is not traded continuously, then it is more probable that a stock
will have matching zero returns in both markets7. In the next section, we also show that
2Bekaert

et al. (2007) used this monthly zero return measure to examine the pricing implications of
illiquidity risk. In addition, Goyenko et al. (2009) showed that this zero measure is related with a finer
measure of illiquidity when estimated using high frequency data.
3 For that dollar returns are retrieved for each Nordic market from DATASTREAM up to four decimal
points, since returns beyond that are not economically significant.
4 The term absolute returns is used for an ease of exposition, basically over all market returns either
negative or positive change so, little that selling or buying of stocks do not bring higher returns than the
transaction cost involved in trading them.
5 The results are available upon request.
6 Bekaert et al. (2007) analyzes 19 emerging markets, finding that if the number of days of zero returns are
same for two stocks, but for the one they are consecutive, then illiquidity is more pronounced in the latter
case.
To illustrate this point, we take a hypothetical example of two stocks that are not traded for 10 days,
where in the first case non-trading days are randomly distributed and in the second case non-trading days
are consecutive. We assume that trading or non-trading in the equity market and change or no change in
$/local exchange rate in the Forex market are equally likely and mutually exhaustive events. Then the
probability of zero returns in the equity market is ½, as is the incidence of no change in $/local exchange
7
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estimating illiquidity in this way retains the trademark relationship with other
measures of illiquidity and size. Second, we also estimate the zero measure based on
zero returns in equity markets in local currency, as in Bekaert et al. (2007),
ZERO-II= Total number of zero return days /Total number of trading days,

(3)

similarly, for all stocks in the four Nordic markets, the average monthly illiquidity
measure is estimated using both equations (2) and (3).
2.3. Roll-Spread
Roll (1984) observed that the first-order auto covariance of changes in prices proxies
trading cost. This measure has been used in many studies as a standard measure of
illiquidity 8. Roll shows, for a given level of market efficiency, that the effective bid-ask
spread can be estimated as

S

2  Cov('Pt , 'Pt 1 ) .

(4)

However, as observed for many stocks, the above measure is positive and is thus
undefined. We therefore used equation (4) to estimate the Roll-Spread for each firm
only when the above covariance term was negative. Specifically, positive covariance
terms were set to zero 9. The Roll spread is then a simple average across all firms.
2.4. Turnover
It is generally observed that illiquid stocks are traded less frequently than liquid stocks,
as investors who specialize in such assets generally hold them for longer periods 10.
Investor holding periods can be inferred from the reciprocal of the stock’s turnover,
whereas the turnover of a stock is estimated as the ratio of the number of shares traded
(volume) on day j in month i over the total number of shares outstanding at the end of
month i shown as SOi ,t . This latter ratio is calculated for each stock as

rate (where in the latter case there are implicit zero returns in the Forex market from currency trading). If
these events are independent, then the probability of zero returns in both markets is ¼, and the simple
expectation of 10 zero return days in both markets for the first stock will be ¼ x 10 = 2.5 . For second
stock, we know beforehand that zero returns occur consecutively for 10 days in equity market, therefore the
expectation of 10 days of zero returns in both markets is , their expected value in FX market, that is, ½ x 10
= 5. As these expected numbers of zero return days are found in the numerator of equation (2), the second
stock, with a longer non-trading period, is the more illiquid of the two stocks.
8 Lesmond et al. (1999), Hasbrouck (2009), Corwin and Schultz (2011) propose new measures of
illiquidity and show the effectiveness of their constructed measure by comparing it with a proxy measure of
effective spread proposed by Roll (1984).
9 In the literature, many authors have converted those positive covariance into negative ones. See, for
example, Harris (1990) and Lesmond et al. (1999). Doing the same in our analysis would produce some
counterintuitive results.
10 Amihud and Mendelson (1986) propose that in equilibrium, long-term investors specialize in illiquid
assets.
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n

¦Vol
Turnoveri ,t

j 1

SOi ,t

i, j

,

(5)

and then summed up within each month for all stocks. As a result, the total turnover for
the universe of stocks is simply the average of monthly turnovers across all stocks.
2.5. HL Spread
Corwin and Schultz (2011) estimate the bid-ask spread from the daily high and low
prices of stocks. The basic idea is that the ratio between the daily high and low prices
can be decomposed into a stock’s variance and bid-ask spread. Whereas the former
depends upon the return interval, the latter remains constant. Therefore, the spread
can be estimated as a function of high-low ratios over one-day and two-day intervals 11
as follows:

S

where D

2(eD  1)
,
1  eD

(6)

 1 ª § H 0 ·º 2 ½
2E  E
J
°
°

, E is E ®¦ «ln¨ 0t  j ¸» ¾ , the sum of expected
¨
¸
L
32 2
32 2
°̄ j 0 ¬« © t  j ¹¼» °¿

squared ratios of the high and low observed prices on two consecutive days, and J is
2

ª § H t0, t 1 ·º
«ln¨¨ 0 ¸¸» , the squared ratio of observed high and low prices over two days. Various
¬« © Lt , t 1 ¹¼»
conditions are needed to estimate the spread given in equation (6) as spelled out in
Corwin and Schgultz (2011) and these have been incorporated 12. To obtain the monthly
spread for each stock in our sample, we average the spreads estimated for all
overlapping two-day periods within the month. Similarly, the average spread over all
the stocks available in the four markets is calculated by the taking the average of
equation (6) across all firms.
In the following sections, we analyze the performance of these measures. We
particularly examine how these measures are correlated across countries, to provide a
rationale for studying illiquidity using four different markets. Above all, as we have
estimated these measures in dollar terms to maintain consistency of the analysis across
the four countries, it is important to check that these measures pass the indirect tests of
being credible candidates of illiquidity, as suggested in the literature. Last but not least,
we seek to determine which illiquidity measure among the estimated ones is the best in
obtaining the highest return spread between the most illiquid and liquid stocks.

11The

formal derivation for extracting the spread estimator from one-day to two-day ratios of high to low
price ratios is discussed at length in Corwin and Schultz (2011).
12 These conditions are discussed in Corwin and Schultz (2011) in the sections:A. Adjustment for the
Overnight Price Changes, B. True High and Low Prices are not observed for Infrequently Traded
Stocks,C. High-Low Spread Estimates May be Negative.

137

3.

CHARACTERISTICS OF ILLIQUIDITY MEASURES

One prerequisite for pooling together all stocks in the four Nordic markets is evidence
that illiquidity is similar across these markets, that is, that we find among these
countries significant commonality in liquidity levels 13. In Table 1, we show crosscountry correlation patterns for each measure of illiquidity for the sample period
1988:4 to 2012:4. Generally, all measures are positively correlated with each other, with
ZERO-I and ZERO-II the most strongly correlated. This correlation between the zero
Table 1 Cross-sectional correlation among the illiquidity measures for the four Nordic
markets

For each month and each country, six different measures of illiquidity are estimated across all available
stocks. For each illiquidity measure, cross-sectional correlations among all countries are calculated for the
monthly time series for the period 1988:4 to 2014:4. For example, the cross-sectional correlations between
countries on the Amihud measure are presented under Amihud, and similar correlations are calculated for
the other measures. The Amihud measure gauges the average monthly impact of one dollar in traded
volume on absolute returns. In Amihud-15, we adopted qualification criteria and estimated the illiquidity
of only those stocks that are traded for at least 15 days in a given month. ZERO-I is the ratio of zero-return
days (where zero-return refers to the combined incidence of zero returns in equity markets and of no
change in the $/local exchange rate) to the total number of trading days in a month. ZERO-II is ratio of
zero-return days, with returns measured in local currency, to the total number of trading days in month.
The Roll spread refers to the autocorrelation between daily changes in prices for a firm within a month and
is estimated as S 2  Cov ( 'Pt , 'Pt 1 ) . Turnover is a monthly sum of the daily ratio of equity value
traded to the number of shares outstanding, for each firm. Lastly, the HL spread is the average of the highlow spread estimators across all overlapping two-day periods within a month. All the estimated measures
are equally weighted.
Cross-correlation

Denmark
Finland
Norway
Sweden

Denmark
Finland
Norway
Sweden

Denmark
Finland
Norway
Sweden

Amihud
Denmark Finland
1.000
0.164
0.164
1.000
0.232
0.101
0.185
0.276
ZERO-I
Denmark Finland
1.000
0.675
0.675
1.000
0.686
0.639
0.573
0.508
Roll Spread
Denmark Finland
1.000
0.374
0.374
1.000
0.705
0.325
0.737
0.345

Norway
0.232
0.101
1.000
0.201

Sweden
0.185
0.276
0.201
1.000

Denmark
1.000
0.169
0.614
0.602

Norway
0.686
0.639
1.000
0.511

Sweden
0.573
0.508
0.511
1.000

Denmark
1.000
0.824
0.838
0.555

Norway
0.705
0.325
1.000
0.648

Sweden
0.737
0.345
0.648
1.000

Denmark
1.000
0.483
0.545
0.636

Amihud-15
Finland Norway
0.169
0.614
1.000
0.205
0.205
1.000
0.149
0.693
ZERO-II
Finland Norway
0.824
0.838
1.000
0.782
0.782
1.000
0.745
0.581
HL Spread
Finland Norway
0.483
0.545
1.000
0.598
0.598
1.000
0.515
0.736

Sweden
0.602
0.149
0.693
1.000
Sweden
0.555
0.745
0.581
1.000
Sweden
0.636
0.515
0.736
1.000

returns across markets reflects the fact that the different countries have common
trading patterns and associated trading costs. Table 1 also suggests that the illiquidity
Evidence of commonality in liquidity is first provided by Chordia et al. (2000) for stocks in the U.S.
market, while cross-country evidence is provided by Karolyi et al. (2007) and others.

13
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measures that proxy for benchmark spread measures 14 with high-frequency data
namely, the zero measure, the Roll spread and the HL spread are more strongly
correlated across markets, whereas the Amihud measure, which proxies for the price
impact measure, is not very highly correlated.
In Figure 1, we plot simple graphs for each measure of illiquidity, estimated across all
stocks in the four markets in the Nordic region. An indication that these markets have
become liquid over time can be observed in ZERO-II, which shows the monthly
incidence of zero returns in all four markets. There is an obvious declining trend in zero
returns, which indicates that trading activity across these markets has increased over
time, as already hinted in Table 1. The ZERO-II measure is the most highly correlated
across the four markets. Thus, it is plausible to assume that tradability has increased in
all four markets over time, possibly due to decreasing trading costs. There are some
common movements among the illiquidity measures. For instance, the HL spread and
Amihud-15 have highly similar ebbs and flows 15. Additionally, Amihud (unrestricted),
ZERO-I, the Roll spread and turnover behave quite similarly from the end of 2006
through the end of the sample, a period marked by financial crisis. The first three
measures of illiquidity are increasing during the sample period, whereas turnover,
which measures liquidity, is decreasing after a sudden increase at the end of 2006 16.

14Goyenko

et al. (2009) analyze proxy measures of illiquidity, using low-frequency data, and test which
ones are more correlated with their benchmark measures of spread and price impact measure when
estimated using high-frequency data.
15 Corwin and Schultz (2011), using Amihud’s (2002) proposed measure of illiquidity, conclude that the HL
spread and the Amihud measure have identical asset pricing implications for the U.S. market.
16This is one of the reported drawbacks of turnover as a measure of liquidity, as it generally increases when
the market suddenly becomes illiquid and investors liquidate their positions.
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Figure 1 Evolution of different illiquidity measures for stocks listed in the four Nordic
markets:
the Amihud measure gauges the average monthly impact of one dollar traded volume on absolute returns.
ZERO-I is the ratio of zero-return days (where zero-return refers to the combined incidence of zero returns
in equity markets and of no change in the $/local exchange rate) to the total number trading days in a
month. ZERO-II is ratio of zero-return days, with returns measured in local currency, to the total number
of trading days in a month. The Roll spread refers to the autocorrelation between daily changes in prices
for a firm within a month and is estimated as S 2  Cov ( 'Pt , 'Pt 1 ) . The HL spread is average of the
average of the high-low spread estimators across all overlapping two-day periods within a month. In
Amihud-15, we adopted qualification criteria and estimated the illiquidity of only those stocks that are
traded for at least 15 days in a given month. Lastly, Turnover is a monthly sum of the daily ratio of equity
value traded to the number of shares outstanding, for each firm. All the estimated measures are equally
weighted. The above plots are drawn for the sample from 1988:4 to 2012:4. The y-axis is very similar for
the different measures because the measures have been standardized.

Generally, Figure 1 suggests that the different measures of illiquidity have much in
common, 17 even though they have been estimated using different methodologies. This
is further illustrated in Table 2, where the pattern of correlations among the illiquidity
measures is shown. The unrestricted Amihud measure and Amihud-15 show similar
patterns and are mostly positively correlated with other illiquidity measures and
negatively correlated with turnover, as expected. These measures are especially highly
correlated with the HL spread. Although the ZERO-II measure, which is the incidence
As pointed out in Korajczyk and Sadka (2008), different measure of liquidity capture different facets of
illiquidity and are thus correlated.

17
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of zero returns in local currency, shows some counterintuitive correlation patterns with
most of the other measures, it shows only positive correlations with ZERO-I and
negative correlations with turnover, as should be the case. To summarize the
correlation structure presented in Table 2, all measures of illiquidity are correlated with
each other, and the ZERO-I measure and average turnover have the most appropriate
signs throughout.
Table 2

Correlation among illiquidity measures

Each measure of illiquidity is measured as an average across all stocks listed in the four Nordic markets
from 1988:4 to 2012:4. For each pair of illiquidity measures, correlations are presented below. The Amihud
measure gauges the average monthly impact of one dollar in traded volume on absolute returns. In
Amihud-15, we adopted qualification criteria and estimated the illiquidity of only those stocks that are
traded for at least 15 days in a given month. ZERO-I is the ratio of zero-return days (where zero-return
refers to the combined incidence of zero returns in equity markets and of no change in the $/local
exchange rate) to the total number of trading days in a month. ZERO-II is ratio of zero-return days, with
returns measured in local currency, to the total number of trading days in a month. The Roll spread refers
to the autocorrelation between daily changes in prices for a firm within a month and is estimated as
S 2  Cov('Pt , 'Pt 1 ) . Turnover is a monthly sum of the daily ratio of equity value traded to the
number of shares outstanding, for each firm. Lastly, the HL spread is the average of the high-low spread
estimators across all overlapping two-day periods within a month. All the estimated measures are equally
weighted.

Amihud
Amihud-15
ZERO-1
ZERO-II
Roll
Spread
Turnover
HL Spread

Amihud

Amihud-15

ZERO-I

ZERO-II

1.000
0.711
0.361
-0.304

0.711
1.000
0.181
-0.187

0.361
0.181
1.000
0.393

-0.304
-0.187
0.393
1.000

Roll
Spread
0.666
0.466
0.606
-0.225

0.666

0.466

0.606

-0.225

-0.188
0.769

-0.231
0.777

-0.456
0.420

-0.668
-0.163

-0.188
-0.231
-0.456
-0.668

HL
Spread
0.769
0.777
0.420
-0.163

1.000

-0.141

0.726

-0.141
0.726

1.000
-0.235

-0.235
1.000

Turnover

Lastly, it is of interest to determine whether these estimated measures intrinsically
estimate the transaction costs of trading stocks. Unfortunately, a direct test, which
requires detailed trade level data at high frequency, is not possible. However, some
indirect tests, based on the fact that size (market capitalization) is a proxy for
transaction cost 18, have been proposed in the literature. As small stocks have higher
transaction costs than large stocks, this can also be tested. We therefore divided all
stocks in each month in all four markets into quintiles based on size. Each higher
quintile is increasing in size over time; hence we expect illiquidity (liquidity) to
generally decrease (increase). Table 3 confirms this, as all illiquidity measures are
uniformly decreasing as the size of firms increases 19, though turnover, which measures
liquidity, does not move in the expected direction.
This section concludes with a number of stylized facts about the four Nordic markets.
First, these markets have similar illiquidity-related attributes; thus, studying the role of
illiquidity using a cross-section of combined stocks is reasonable. Second, a newly
proposed proxy measure for illiquidity, ZERO-I, is correlated with other more
18This

evidence is based on the studies of Demsetz (1968), Roll (1984), Lesmond et al. (1999) and many
others.
19 The results shown in Table 3 are pretty same in content when the illiquidity measures are estimated
using the local currency of these four Nordic markets, the results are available upon request.
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commonly used measures of illiquidity in the literature and is also inversely related to
the market capitalization of stocks. Both of these attributes establish that ZERO-I is
suitable candidate as a measure of transaction costs for the stocks used in this study.
Table 3

Size factor and transaction cost

The results are based on monthly illiquidity measures, estimated for stocks belonging to a particular size
quintile, for the four Nordic markets for the period from 1988:4 to 2012:4. Each size quintile increases in
order, with each successive quintile containing the next 20% of firms with higher capitalization levels than
the preceding one. Thus, the first quintile comprises the 20% of firms that are least capitalized and fifth
quintile comprises the 20% of firms that are the most capitalized. The Amihud measure gauges the average
monthly impact of one dollar in traded volume on absolute returns. In Amihud-15, we adopted
qualification criteria and estimated the illiquidity of only those stocks that are traded for at least 15 days in
a given month. ZERO-I is the ratio of zero-return days (where zero-return refers to the combined
incidence of zero returns in equity markets and of no change in the $/local exchange rate) to the total
number of trading days in a month. ZERO-II is ratio of zero-return days, with returns measured in local
currency, to the total number of trading days in a month. The Roll spread refers to the autocorrelation
between daily changes in prices for a firm within a month and is estimated as S 2  Cov ( 'Pt , 'Pt 1 ) .
Turnover is a monthly sum of the daily ratio of equity value traded to the number of shares outstanding, for
each firm. Lastly, the HL spread is the average of the high-low spread estimators across all overlapping
two-day periods within a month. All the estimated measures are equally weighted.

Amihud
S-1
S-2
S-3
S-4
S-5

3.08%
0.63%
0.24%
0.11%
0.02%

Amihud15
1.54%
0.38%
0.15%
0.09%
0.02%

ZERO-I

ZERO-II

26.73%
15.68%
12.09%
8.77%
5.90%

67.04%
53.11%
41.32%
30.24%
17.42%

Roll
Spread
15.73%
7.46%
6.06%
6.35%
6.20%

Turnover
4.12%
3.70%
3.73%
3.69%
5.51%

HL
Spread
5.42%
2.81%
2.03%
1.56%
1.20%

In the next sections, we construct a measure of market-wide illiquidity risk, using
ZERO-I and ZERO-II, and analyze the pricing implications of illiquidity risk for returns
on various constructed portfolios.
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4.

ILLIQUIDITY RISK

In most studies, a single measure of illiquidity is used to establish a link between
returns and illiquidity risk. Though there are general commonalities among the various
illiquidity measures, it may be that some illiquidity measures are better proxies for
transaction costs than others. Unfortunately, there are no direct guidelines available
for which measure to use. However, Korajczyk and Sadka (2008) motivated the use of a
global liquidity factor, which is extracted from a group of illiquidity measures proposed
in the literature using a factor decomposition technique. In this paper, instead of
seeking a common factor among the estimated measures, we base our analysis on a
conjecture that the best illiquidity measure is that which captures the maximum return
spread between the most illiquid and liquid portfolios. That is, we ask which of the
candidate proxy measures best exemplifies the theoretical proposition that illiquid
stocks should give higher returns and that liquid stocks should give lower returns.
Table 4

Return dispersion between extreme portfolios

This table reports the yearly returns dispersion between the most illiquid 20% of stocks and the most liquid
20% of stocks. The dispersion in returns is first shown for each country separately and then for all stocks
taken together. In addition, the respective illiquidity measure used in estimating dispersions in returns is
also shown. The returns for each month for all stocks listed in a given equity market and in all markets
taken together are predicted on the basis of previous month’s illiquidity and sorted into five portfolios,
such that each successive portfolio is increasing in illiquidity. Next, the difference between the average
monthly return on the most illiquid portfolio and the most liquid portfolio is calculated and annualized.
The sample spans 1988:4 to 2012:4, and reported returns are equally weighted. The Amihud measure
gauges the average monthly impact of one dollar in traded volume on absolute returns. In Amihud-15, we
adopted qualification criteria and estimated the illiquidity of only those stocks that are traded for at least 15
days in a given month. ZERO-I is the ratio of zero-return days (where zero-return refers to the combined
incidence of zero returns in equity markets and of no change in the $/local exchange rate) to the total
number of trading days in a month. ZERO-II is ratio of zero-return days, with returns measured in local
currency, to the total number of trading days in a month. The Roll spread refers to the autocorrelation
between daily changes in prices for a firm within a month and is estimated as S 2  Cov ( 'Pt , 'Pt 1 ) .
Turnover is a monthly sum of the daily ratio of equity value traded to the number of shares outstanding, for
each firm. Lastly, the HL spread is the average of the high-low spread estimators across all overlapping
two-day periods within a month.

Amihud
Amihud-15
ZERO-I
ZERO-II
Roll Spread
HL Spread

Denmark
2.49%
-10.75%
14.71%
3.60%
-0.28%
-0.74%

Finland
3.16%
-16.44%
18.88%
8.99%
-5.43%
-1.50%

Norway
4.22%
-3.68%
12.56%
0.91%
10.67%
1.70%

Sweden
2.08%
-7.29%
20.89%
8.80%
-1.48%
-1.34%

All Markets
0.80%
-10.13%
18.59%
2.97%
8.67%
0.51%

In Table 4, we calculate the return spreads between the most illiquid and liquid
portfolios in each market individually and then for all the stocks together which are
traded in four markets. As a procedure, we estimate the next month’s return of a stock
on the basis of its measured illiquidity in the previous month, and in total all stock
returns are apportioned into five quintile portfolios, such that successive quintiles
(portfolios) are increasing in measured illiquidity. Finally, the yearly return differential
between the most illiquid and liquid quintiles, based on some measure of illiquidity, are
shown in Table 4, for each country separately and for all markets together.
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With the unrestricted Amihud measure, there is generally a positive return spread in
each market and in the four markets aggregated, but these differentials are quite small.
However, its performance is better than that of Amihud-15, which includes only those
stocks that are traded for at least 15 days. The negative return differentials associated
with Amihud-15 may be due to the non-inclusion of illiquid stocks. The most recently
proposed measure, the HL spread, also shows dismal performance, much like Amihud15. Indeed, these two measures are highly correlated, as seen in Table 2. The Roll
spread shows a positive return spread only for Norway. The positive return spread for
all markets may be due to the fact that in the 5th quintile, most illiquid Norwegian
stocks are hoarded. ZERO-II shows more consistent results, in particular, return
differentials for Finland and Sweden are considerable.
However, by far the best results are achieved with ZERO-I, which in all markets shows
double digit return differentials between the stocks with least and most zero return
days. Above all, this return spread for each market individually and for all markets
taken together is quite uniform. Thus, ZERO-I is a highly representative measure of
illiquidity in all markets. This confirms that this newly estimated measure of illiquidity
is an improvement over other measures. The second best measure of illiquidity is
ZERO-II. The main difference between ZERO-II and ZERO-I is that the latter takes
into account the lengths of non-trading intervals.
4.1. Illiquidity factor
To study the implications of illiquidity risk for asset pricing in the four Nordic markets,
we use ZERO-I and ZERO-II as our main illiquidity measures. Therefore, we use
equations (2) and (3) to estimate ZERO-I and ZERO-II for each stock and then average
the available stocks illiquidities for each month to construct a market-wide illiquidity
measure. We tested Amihud’s (2002) 20proposition that the level of market illiquidity
predicts higher positive returns and that shocks to market illiquidity depress
contemporary returns, finding both of these effects to be stronger for illiquid stocks. To
consolidate the series of unexpected illiquidity shocks, we estimated the following
ARMA model:

Lit

p

q

i 1

i 1

c  ¦ ) i Lit i  ¦ 4 i H tii  H ti .

(7)

We fit the ARMA (2, 0)21 model using both market-illiquidity series constructed using
ZERO-I and ZERO-II, as with two lags we find the highest R2 values and the shocks to
market-illiquidity series are left stationary. Many studies 22have shown the rationale for
using series of innovations rather than predicable series in asset pricing tests. We use
both the lagged level of market illiquidity and unexpected shocks to market-wide
illiquidity as distinct illiquidity risk factors.

20This

is generally known as the Amihud (2002) illiquidity-related hypothesis, which has been tested for 19
emerging markets by Bekaert et al. (2007). A somewhat similar hypothesis, with a more economic intuition
regarding the pricing of the illiquidity effect, is tested in Acharya and Pedersen (2005).
21 For the remainder of paper, for simplicity, we refer to this as the AR (2) model.
22 Sadka (2006) uses innovations in constructed series of market illiquidity for the U.S market (see also
Chen, Roll, and Ross (1986))
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In addition to the above, we also construct an illiquidity factor that is similar to the
SML and HML factors of Fama and French (1993) and the momentum factor of Carhart
(1997). We are thus able to break the intricate relationship between size and illiquidity.
To that end, for each month we partition the whole universe of stocks into two equal
halves, one containing small firms (S) and other large firms (B). Then, on the basis of
the ZERO-I measure, we partition all stocks into three portfolios increasing in
illiquidity, where the first contains 30% of stocks L (liquid), the second contains 40% of
stocks M(medium liquidity), and the last contains the 30% of the most illiquid stocks
IL(illiquid). Further, as in Fama and French (1993), an intersection of all small firms
across all three illiquidity-related portfolios is taken and three portfolios, SL, SM and
SIL, are constructed. The same procedure is repeated for the large firms and three
portfolios, BL, BM, and BIL, are constructed. We are thus able to hold size constant and
analyze whether returns are increasing with illiquidity. If returns are indeed increasing,
it gives credence to the claim that the illiquidity effect is independent of the size factor.
This is indeed the case, as yearly returns for SL, SM and SIL, for small firms, are 5.75%,
12.33% and 26.79%, respectively, whereas for large firms, yearly returns for BL, BM,
and BIL are 10.70%, 16.74% and 17.90% 23, respectively. The zero investment based
monthly strategy of being long by a given amount in the most illiquid portfolios (SIL
and BIL) and short by the same amount in the most liquid portfolios (SL and BL) yields
high returns, equivalent to 14.11%24average annual returns, with a t-statistics of 6.71.
The liquidity factor (henceforth LFAC) thus constructed has almost the same return as
the market portfolio. Another study that specifically used a mimicking liquidity factor,
along the lines of Fama and French (1993) and Carhart (1997), is Liu (2006). In that
study25of the U.S. market, using the zero investment based strategy, the yearly return
differential between the most illiquid and liquid equally weighted portfolios was 8.99%,
with a t-statistics of 4.56.
In general, we construct illiquidity risk in three ways, to estimate its impact on
returns. First, we test whether the level of market illiquidity predicts future returns 26.
Second, we examine how unexpected shocks to market illiquidity affect returns. 27And
finally, we examine whether LFAC 28, as a return on the zero investment strategy, is
priced market-wide liquidity risk.
4.2. Portfolio construction
In total, three sets of ten portfolios are constructed, each using the entire sample of
available stocks from 1998:4 to 2012:4. The first two sets are based on size and price
inverse ratio 29. All stock-related data for this exercise were downloaded from
23 By reversing the pattern and examining whether returns increase as size increases, while keeping
illiquidity constant, we find no such monotonicity in returns.
24 While using the Zero-II measure, there was no zero-based investment strategy return spread.
25 The mimicking liquidity factor in Liu (2006) does not separate the size effect from the liquidity effect.
26 Amihud (2002) and Bakerat et al. (2007) test the effect of market level illiquidity on returns in the U.S.
and in emerging markets, respectively.
27Many studies have tested the link between unexpected shocks to market-wide illiquidity and returns (see
Amihud (2002), Acharya and Pedersen (2005), Bakerat et al. (2007), Pastor and Stambauch (2003),
Korajczyk and Sadka (2008), Sadka (2006) and others).
28 Liu (2006) uses the mimicking liquidity factor for the U.S. market.
29 Both of these statistics have been used extensively in the literature on illiquidity (see Amihud (2002),
Acharya and Pedersen (2005), and others).
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DATASTREAM. Data for each month m – 1, for a given size (market capitalization) of a
firm, are recorded and used to predict the return in month m and allotted to ten
portfolios composed of firms of increasing size. That is each successive decile comprises
the next 10% of larger firms. To maintain consistency among the four markets, which
use different currencies, excess returns are dominated in dollars. Then, to estimate the
expected monthly illiquidity of the size-based portfolios, monthly incidences of zero
returns, as indicated by the ZERO-I measure, are estimated. Both monthly excess
returns and expected illiquidity (ZERO-I) are shown in Table 5. In addition to the size
factor, the monthly excess returns of the stocks in month m are sorted on the basis of
end-of-month m - 1 values of the reciprocals of their respective prices. These excess
returns are partitioned into ten portfolios, with each successive portfolio increasing in
the price inverse ratio.
Similarly, monthly series for excess returns and expected illiquidity (ZERO-I) for priceinverse based portfolios are collected and presented in Table 5. The final set of ten
portfolios is based on the momentum factor 30, where momentum is calculated for the
previous 12 months’ cumulative returns (excluding the last month’s return) on the basis
of the previous year’s performance. Specifically, the next month’s return is predicted
and allotted to the 10 portfolios, which vary monotonically with the previous year’s
performance. For momentum portfolios, as well, their monthly expected illiquidity
(ZERO-I) measures are gathered, with the results shown in Table 5. Expected
illiquidity, as measured by ZERO-I, increases monotonically with size and inverse price
portfolios, which reflects the fact that these portfolios are related to illiquidity. On the
other hand, the momentum portfolios do not show such patterns, as no monotonicity is
observed using the ZERO-I measure.
Second, we expect that excess returns on the extreme portfolios in each category should
differ, posing a challenge to asset pricing models. This is very much the case with the
illiquidity-related portfolios. For example, the return differential between the first
decile portfolio (small stocks) and tenth decile portfolio (large stocks) is 18.14%
annually, with illiquidity much higher for the former than for the latter. Similarly, for
the price inverse portfolios, the return differential between the first and tenth decile is
33.14%, with illiquidity even higher for the highest price inverse portfolio than for the
most capitalized portfolio. For momentum portfolios, by contrast, neither the return
differential nor the difference in illiquidity between the extreme portfolios is
economically significant.

Many studies have spelled out a rationale for using non-illiquidity-based characteristics to construct
portfolios, namely, to test the conjecture that if illiquidity is a market-wide characteristic, then it should
matter for returns related to characteristics other than illiquidity. There are studies that support this
conjecture (Korajczyk and Sadka (2008), Lesmond et al. (2004), Sadka (2006), and others).
30
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Table 5

Portfolios returns and illiquidity related characteristic

This table presents monthly excess returns on the size-, price inverse ratio-and momentum-related
portfolios composed of stocks listed in the four Nordic markets, Denmark, Finland, Norway, and Sweden
along with monthly estimates of illiquidity, captured by ZERO-I, for the period 1988:4 to 2012:4. To
construct size-related portfolios, size is taken as the end-of-month market capitalization of a stock, and on
the basis of size thus measured the next month’s return of each stock is predicted and allotted to ten
portfolios, with each successive portfolio increasing in the sizes of the companies included. The same
procedure is repeated for price-inverse related portfolios. Lastly, momentum is calculated based on
cumulative returns over the previous 12 months (excluding the most recent month), and on the basis of
previous year’s performance next month’s returns on stocks are predicted and allotted to 10 portfolios,
varying monotonically with performance in the preceding year. For all portfolios, returns are excess of the
risk free rate and are equally weighted. ZERO-I is the ratio of zero-return days (where zero-return refers to
the combined incidence of zero returns in equity markets and of no change in the $/local exchange rate) to
the total number of trading days in a month. Excess returns and ZERO-I both are equally weighted.

Portfolio
Ranking
1
2
3
4
5
6
7
8
9
10

Excess
return
2.46 %
0.74 %
0.71 %
0.60 %
0.58 %
0.76 %
0.88 %
0.93 %
0.82 %
0.94 %

Size
ZERO-I
32.01 %
21.87 %
16.05 %
15.31 %
12.95 %
11.22 %
9.68 %
7.86 %
5.72 %
6.07 %

Price Inverse
Excess
ZERO-I
return

Momentum
Excess
ZERO-I
return

0.07 %
0.41 %
0.44 %
0.58 %
0.78 %
0.94 %
0.89 %
0.96 %
1.59 %
2.83 %

1.43 %
0.68 %
0.61 %
0.55 %
0.53 %
0.75 %
0.84 %
0.93 %
1.05 %
1.73 %

2.56 %
3.16 %
4.18 %
5.40 %
6.72 %
8.83 %
11.73 %
17.10 %
27.16 %
52.87 %

14.60 %
12.72 %
12.35 %
11.89 %
11.99 %
11.69 %
12.37 %
13.17 %
15.10 %
21.10 %
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5.

ILLIQUIDITY AND ASSET PRICING

In this section, we study how illiquidity risk affects the expected returns of the test
portfolios constructed in the previous section. For this purpose, we employ a crosssectional regression, following the methodology of Black, Jensen and Scholes 31 (1972)
and estimate the following asset pricing model:

E ( Ri ) D 0  OE i .

(8)

The left-hand side of the equation E ( Ri ) , is expected excess returns on our test
portfolios. We include D 0 to observe how large are the pricing errors in all models
tested. We expect this term to be near zero (because excess returns are used in this
analysis), as only the pricing factor used is an appropriate measure of risk. E i is a

vector of factor loadings 32, and these loadings are model specific. Importantly, O is a
vector of risk premia. For a pricing factor to be priced, O should be significantly
different from zero. In equation (8), the measure of risk, E i , is not an observed
characteristic and therefore must be pre-estimated as

Ri ,t

E 0,i  Ei ft  H i ,t .

(9)

This method is also commonly adhered as two-pass methodology. Equation is the first
pass, in which time series analyses are conducted using the whole sample and E i , factor
loadings are estimated using some factor. Then, in the second pass, a cross-sectional
regression, as given in equation (8), is estimated, assuming that these time series betas
are true measures of risk. However, estimated betas differ from their true betas by an
estimation error. The higher is this estimation error, the worse is the error-in-variable
problem 33. One remedy proposed in the literature is to use portfolios instead of
individual stocks. Second remedy is proposed by Shanken (1992). To incorporate both
remedies, we use portfolios in this study and in addition correct the standard errors of
estimated risk premia to reasonably evaluate statistical significance. Then, to evaluate
the performance of each tested model, we report its adjusted R2 using equation (8),
applying factor loadings estimated using equation (9). This tells us what portion of the
return dynamics are explained statistically. Naturally, when regression errors are least,
the model R2 tends to be high. However, this high value alone, in the absence of a
meaningful intercept, can be misleading.
5.1. Factor loadings associated with different factors
In Table 6, properties of some factor loadings of the tested models are shown for both
the size and price inverse ratio-based portfolios. In panel A, for the size portfolios, MKT
31 Our results are maintained under the methodology proposed by Fama and MacBeth (1973). In addition,
point estimates associated with different types of illiquidity risk produce even better fits, but imprecise
estimations, if the whole system is estimated using the GMM framework.
32A factor loading is simply the covariance between asset returns and a pricing factor overtime, scaled by
the variance of the factor itself.
33 See Fama (1976), chap.9, for a detailed discussion of the error-in-variable problem and for a general
discussion of issues relating to cross-section regression analysis.
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represents loadings on the market factor, which are found to be statistically significant
for each portfolio. However, these loadings are nearly identical for the 1st and 10th
portfolios, portfolios that differ dramatically in levels of capitalization and returns, as
shown in Table 5. Similarly, in panel B, for price inverse portfolios, market factor
loadings show little dispersion, contrary to what is observed in the excess returns of
these extreme portfolios. This suggests that the CAPM predicts that either illiquid
portfolios are less risky or that liquid portfolios are more risky. On the other hand, we
anticipate that using illiquidity risk as a factor may bring out the higher risk inherent in
illiquid stocks, when compared to liquid stocks.
In Table 6, panel A, LFAC in second column shows factor loadings on the illiquidity
factor. The highest factor loading, both economically and statistically, is for the smallest
size portfolio. For larger size portfolios, these factor loadings decrease up until the most
highly capitalized portfolio such that for the portfolio of the most highly capitalized
firms, the loading is statistically insignificant. In panel B, for the price inverse
portfolios, the same trend can be observed. For at least the five first price inverse
portfolios, which are generally liquid and have high prices, the factor loadings are not
highly significant. This suggests that liquid portfolios which are either composed of
highly capitalized stocks or are high-priced stocks are generally well hedged against
illiquidity-related risk.
Table 6

Market and illiquidity related loading for size and price inverse portfolios

This table reports the loadings of size and price inverse ratio portfolios with equally weighted returns on
the market and other illiquidity related traded and non-traded factors. The loadings are estimated for the
period from 1988:4 to 2012:4, with t-statistics reported in parentheses. In panel A, ten size portfolios are
shown, with each successive portfolio comprising the next 10% of more highly capitalized firms, whereas in
panel B ten price inverse portfolios are shown, with each successive portfolio comprising the next 10% of
stocks with higher price inverse ratio. Both of these portfolios are constructed using the stocks available in
four markets, namely, Denmark, Finland, Norway, and Sweden. MKT and LFAC are the excess return on
market and illiquidity-related portfolios. Excess returns on the latter portfolio are independent of the size
factor. ZERO-I is the ratio of zero-return days (where zero-return refers to the combined incidence of zero
returns in equity markets and of no change in the $/local exchange rate) to the total number of trading
days in a month. SZERO-II is an AR (2) process of monthly shocks to ZERO-II over the total number of
trading days in a month, calculated across the four equity markets in the Nordic region, with returns
valued in local currency.
Panel A: Size Portfolios
Portfolios
S-1
S-2
S-3
S-4
S-5
S-6
S-7
S-8
S-9
S-10

Panel B: Price Inverse Portfolios

MKT

LFAC

ZERO-I

SZERO-II

1.080
(17.844)
0.879
(30.731)
0.9456
(39.273)
0.962
(45.272)
0.953
(48.666)
1.030
(53.737)
1.051
(51.353)
1.068
(45.360)
1.026
(38.151)
1.000
(32.519)

1.055
(6.643)
0.4653
(4.170)
0.350
(3.013)
0.423
(3.676)
0.308
(2.700)
0.328
(2.680)
0.277
(2.120)
0.310
(2.401)
0.238
(1.862)
0.063
(0.485)

0.503
(4.105)
0.219
(2.603)
0.201
(2.319)
0.203
(2.356)
0.162
(1.908)
0.224
(2.470)
0.176
(1.883)
0.207
(2.162)
0.188
(1.988)
0.094
(0.988)

-0.391
(-3.201)
-0.160
(-1.925)
-0.139
(-1.614)
-0.101
(-1.176)
-0.070
(-0.832)
-0.043
(-0.472)
-0.0154
(-0.165)
0.037
(0.384)
0.118
(1.257)
0.169
(1.796)

Portfolios
P-1
P-2
P-3
P-4
P-5
P-6
P-7
P-8
P-9
P-10

MKT

LFAC

ZERO-I

SZERO-II

0.824
(29.717)
0.849
(35.962)
0.887
(40.401)
0.931
(45.974)
1.012
(42.983)
0.996
(43.999)
1.039
(49.369)
1.091
(42.493)
1.159
(38.909)
1.214
(22.543)

-0.127
(-1.173)
-0.464
(-0.432)
0.049
(0.451)
0.131
(1.159)
0.150
(1.208)
0.356
(2.953)
0.446
(3.619)
0.644
(4.989)
0.802
(5.861)
1.456
(9.627)

0.208
(2.628)
0.189
(2.413)
0.152
(1.884)
0.109
(1.304)
0.175
(1.922)
0.173
(1.938)
0.189
(2.055)
0.257
(2.626)
0.279
(2.653)
0.442
(3.521)

0.003
(0.039)
0.027
(0.349)
-0.019
(-0.238)
0.066
(0.797)
0.039
(0.434)
-0.021
(-0.229)
-0.033
(-0.363)
-0.147
(-1.495)
-0.136
(-1.286)
-0.395
(-3.152)
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We also trace this illiquidity risk using the ZERO-I measure, which is also a main driver
of LFAC. For both portfolios, the factor loadings are almost the same as with LFAC.
However, for the price inverse portfolios, the factor loading for the 10th portfolio is not
very high. In addition to these factors, we also use SZERO-II, which is the series of
monthly shocks to ZERO-II, summed using equation (7). A vast literature suggests that
these illiquidity shocks, which suddenly increase market-wide illiquidity, significantly
depress contemporaneous returns on illiquid stocks. In Table 6, it is clear that returns
on the most illiquid portfolios, for instance S-1 and P-10, are negatively related to
sudden changes in market illiquidity. The opposite pattern can be observed for the
highly liquid portfolios, S-10 and P-1.
5.2. Cross-sectional analysis
The asset pricing tests are conducted using equation (8), with market risk and
illiquidity-related risks estimated using equation (9). For these models to be successful,
all factor loadings on the right-hand side of the equation must explain the returns on
the left-hand side. In Table 7, the performance of different models is tested for the
illiquidity-related portfolios. In panel A, for the size-based portfolios, the first row is for
the CAPM model. Here we have an economically and statistically significant intercept,
which indicates failure of the model, as we have used excess returns for our test
portfolios and hence expect pricing errors to be approximately zero. In the second row,
LFAC is used. This model is accepted, as it has insignificant pricing errors and a high R2
in the presence of positive and significant risk premia. We expect positive risk premia
to be associated with LFAC, as investors are compensated for holding those stocks
which have excess exposure to market-wide liquidity risk. In row three of Table 6, we
test the impact of illiquidity risk, with illiquidity measured by ZERO-I. As observed, it
differs slightly from LFAC, as in latter measure we control for size. The model using
ZERO-I is thus far the best among all single-factor models tested for size-related
portfolios. It has the minimum intercept, which is virtually zero, and a high R2. This
suggests that market illiquidity at time t – 1 positively predicts returns at time t.
Alternatively, it can be said that when there are high zero returns market-wide at t - 1,
then returns are higher at time t, and vice-versa. In addition, this effect is more
pronounced for illiquid portfolios.
To establish a link between returns and contemporaneous illiquidity risk at time t,
shocks to expected illiquidity are used. Therefore, using SZERO-I, a series of shocks to
ZERO-I, we expect that when, at time t, market-wide zero returns suddenly increase,
returns will be depressed, and vice-versa, showing a negative relationship between
unexpected illiquidity and asset returns. This effect is also expected to be stronger for
illiquid stocks. In row four, we do indeed observe a negative risk premium 34 associated
with SZERO-I. However, neither the pricing errors are insignificant nor the R2 is high.
As a robustness check, we also estimate, in row five, the model in which illiquidity risk
is gauged by market-wide zero returns, measured by ZERO-II. In this way, illiquidity
risk is not significantly linked to future returns, in contrast with the ZERO-I measure,
which adequately captures the return patterns.

34 This negative premium arises because, as explained in Acharya and Pedersen (2005), investors forego
some return on those stocks whose return increases when market illiquidity suddenly increases, that is, for
stocks that are better hedges against rising market illiquidity.
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Table 7

Pricing illiquidity risk for illiquidity related test portfolios

This table provides estimates related to market factors and various illiquidity-related factors, using crosssectional regressions for the period from 1988:4 to 2012:4. The cross-section of stocks is composed of
stocks from the four Nordic countries, Denmark, Finland, Norway, and Sweden. The portfolio returns are
equally weighted and are rebalanced on monthly basis using end-of-month average market capitalization
and the price inverse ratio of each stock as sorting criteria. To estimate coefficients, different variants of
following relation between excess returns and explanatory factors are used:

E ( Ri ) D 0  OE i
Ri is the excess return on some test portfolio, and E i is corresponding vector of factor loadings. These
loadings are estimated using excess returns of the market portfolio (MKT), and different illiquidity related
factors such as LFAC, ZERO-I, SZERO-II, ZERO-II and SZERO-II. LFAC is the monthly excess return
difference between the most illiquid and liquid portfolio across the size factor. ZERO-I is the ratio of zeroreturn days (where zero-return refers to the combined incidence of zero returns in equity markets and of
no change in the $/local exchange rate) to the total number of trading days in a month. SZERO-I is
accumulated monthly shocks calculated by fitting an AR (2) model to the ZERO-I series. Similarly ZEROII and SZERO-II are counterparts of ZERO-I and SZERO-I, but estimated in local currency rather than
dollars. In panel A, we estimate coefficients for ten size-related test portfolios; in panel B, the same
coefficients are estimated for price inverse portfolios. Size (market capitalization) is taken at the end of
each month. Market capitalization is then used to predict the following month’s return for a given stock.
The price inverse ratio is simply the inverse of end-of-month price of any stock. On the basis of the price
inverse, the next month’s returns are predicted for all available stocks. The t-statistics are reported in
parentheses below the estimates and are corrected per Shanken (1994). R2 values are shown in the last
column of the table. Adjusted R2statistics are shown in parenthesis.

Intercept
-0.0387
(-3.8034)
0.0028
(0.7273)
-0.0008
(-0.1848)
0.0123
(3.3987)
0.0153
(3.7412)
0.0081
(2.3164)
-0.0230
(-2.0478)

MKT
0.0482
(4.4849)

Intercept
-0.0445
(-5.9158)
0.0034
(1.0626)
-0.0065
(-1.7812)
0.0180
(4.4247)
0.0185
(4.4359)
0.0062
(1.8658)
0.0109
(0.7269)

MKT
0.0540
(4.9901)

Panel A:Size Portfolios
ZERO-I
SZERO-I

LFAC
0.0173
(2.8729)

0.0325
(1.8552)

-0.0014
(-0.0792)

0.0472
(2.9337)

-0,0207
(-1.8922)

ZERO-II

0.2126
(0.7003)

0.0442
(2.2088)
LFAC

Panel B:Price Inverse Portfolios
ZERO-I
SZERO-I
ZERO-II

0.0158
(4.1291)

0.0171
(3.8980)

0.0737
(3.7446)

-0.0615
(-3.6816)

0.3286
(0.9984)

SZERO-II

-0.0212
(-2.3130)

SZERO-II

-0.0524
(-4.5403)

R2
0.3152
(0.2297)
0.6802
(0.6402)
0.7719
(0.7433)
0.2340
(0.1383)
0.2949
(0.2068)
0.3763
(0.2983)
0.8360
(0.7891)
R2
0.8131
(0.7898)
0.9480
(0.9415)
0.7692
(0.7404)
0.5871
(0.5355)
0.4698
(0.4035)
0.8293
(0.8080)
0.9502
(0.9359)
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Table 8

Pricing illiquidity risk for momentum portfolios

This table presents estimates of market-related and illiquidity-related betas, using cross-sectional
regressions for the period 1988:4 to 2012:4. The cross-section of stocks is drawn from the four Nordic
markets, Denmark, Finland, Norway, and Sweden. Momentum is calculated based on cumulative returns
over the previous 12 months (excluding the most recent month), and on the basis of previous year’s
performance the next month’s returns on stocks are predicted and allotted to ten portfolios, varying
monotonically with performance in the preceding year. For all portfolios, returns are equally weighted and
rebalanced on a monthly basis. To estimate coefficients, different variants of following relation between
excess returns and explanatory factors are used:

E ( Ri ) D 0  OE i
Ri is the excess return on some test portfolio, and E i is corresponding vector of factor loadings. These
loadings are estimated using excess returns of the market portfolio (MKT), and different illiquidity related
factors such as LFAC, ZERO-I, SZERO-II, ZERO-II and SZERO-II. LFAC is the monthly excess return
difference between the most illiquid and liquid portfolio across the size factor. ZERO-I is the ratio of zeroreturn days (where zero-return refers to the combined incidence of zero returns in equity markets and of
no change in the $/local exchange rate) to the total number of trading days in a month. SZERO-I is
accumulated monthly shocks calculated by fitting an AR (2) model to the ZERO-I series. Similarly ZERO-II
and SZERO-II are counterparts of ZERO-I and SZERO-I, but estimated in local currency rather than
dollars. We estimate coefficients for ten momentum-related test portfolios. The t-statistics are reported in
parentheses below the estimates and are corrected per Shanken (1994). R2 values are shown in the last
column of the table. Adjusted R2 statistics are shown in parenthesis.

Momentum Portfolios
Intercept

MKT

-0.0069
(-0.7915)
0.0069
(2.0058)
0.0059
(1.5989)
0.0166
(3.8905)
0.0116
(1.5369)
0.0074
(2.2528)
0.0093
(0.7884)

0.0163
(1.7049)

0.0003
(0.0138)

LFAC

0.0052
(0.8764)

ZERO-I

0.0141
(1.1441)

SZERO-I

-0.0491
(-3.1904)

-0.0431
(-1.7330)

ZERO-II

0.0853
(0.9173)

SZEROII

-0.0324
(-2.4332)

R2
0.3361
(0.2531)
0.1310
(0.0239)
0.1780
(0.0752)
0.7834
(0.7564)
0.2681
(0.1766)
0.6375
(0.5921)
0.8269
(0.7774)

Lastly, we use shocks to the ZERO-II measure as an indicator of illiquidity risk.
Although SZERO-II does not perform better than other illiquidity related models, it has
superior pricing ability to the CAPM, with economically smaller pricing errors and a
slightly higher R2. In the last row, we test two-factor model similar to that of Liu
(2006), where the choice of illiquidity risk and of the market factor are arbitrary, and
we select the model that performs best. Even doing so, the explanatory power of the
two-factor model is not superior to that of the single-factor model shown as ZERO-I.
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Figure 2 Illiquidity-related portfolios and illiquidity risk:
a cross-section of equally weighted returns for twenty size- and price inverse-based portfolios, each is
constructed for stocks listed in four Nordic markets, namely, Denmark, Finland, Norway, and Sweden for
the period of 1998:4 to 2012:4. Size is taken as the end-of-month market capitalization of a stock, and on
the basis of size thus measured the next month’s return of each stock is predicted. The price inverse
measure is simply the inverse of the end-of-month price of a stock, and on the basis of it the following
month’s returns are predicted for all available stocks. The size/price inverse ratio portfolios are increasing
in their respective size/price inverse ratio. Illiquidity risk is measured by LFAC, which is the monthly
difference in excess returns between the most illiquid and liquid portfolios across the size factor. ZERO-I is
the ratio of zero-return days (where zero-return refers to the combined incidence of zero returns in equity
markets and of no change in the $/local exchange rate) to the total number of trading days in a month.
Lastly, the market factor is monthly average excess returns across all listed stocks. The above graph shows
the relationship between yearly predicted returns in each model versus actual realized yearly returns.

In Panel B, the same models are tested for the price inverse related portfolios. In row
one, we see that the CAPM still has economically and statistically significant pricing
errors. Although the R2 statistic is quite high in this case, this statistic should be
interpreted cautiously in the presence of significant pricing errors 35. In row two, we see
that the LFAC still has a positive and significant risk premium and the highest R2, along
with the smallest pricing errors (which are statistically insignificant).Thus, this model
performs by far the best among all the models tested. ZERO-I also has a positive and

Lewellen et al. (2010) discuss at length why R2 is not the only criterion for success of a model in the
presence of unreasonable estimates of zero-beta rates.

35
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significant risk premium. However, in this case, the intercept is partially significant
though still much lower than in the market model.
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Yearly fitted returns

Yearly fitted returns
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Figure 3 Momentum portfolios and illiquidity risk:
a cross-section of returns on 10 momentum portfolios is constructed for stocks listed in four Nordic
markets, namely, Denmark, Finland, Norway, and Sweden for the period of 1998:4 to 2012:4. Momentum
is calculated based on cumulative returns over the previous 12 months (excluding the most recent month),
and on the basis of the previous year’s performance the next month’s returns on stocks are predicted and
allotted to 10 portfolios, varying monotonically with performance in the preceding year. For all portfolios,
returns are equally weighted and rebalanced on a monthly basis. Illiquidity risk is measured by LFAC,
which is the monthly difference in excess returns between the most illiquid and liquid portfolios across the
size factor. ZERO-I is the ratio of zero-return days (where zero-return refers to the combined incidence of
zero returns in equity markets and of no change in the $/local exchange rate) to the total number of
trading days in a month. Lastly, the market factor is monthly average excess returns across all listed stocks.
The above graph shows the relationship between yearly predicted returns in each model versus actual
realized yearly returns.

The more consistent performance of the illiquidity factor LFAC, compared to ZERO-I,
across both portfolios may arise from the fact that LFAC is independent of the size
factor. Therefore, ZERO-I performs relatively better for the size-based portfolios than
for price inverse portfolios. The performances of the others models are almost
unchanged, except for SZERO-II where, although the pricing errors remain partially
significant, they are economically small and the R2statistic is high, Again, in the last
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row, the two-factor model is tested, and this time, as well, the inclusion of the market
factor adds no explanatory power to the model where LFAC is the only factor.
In Table 8, the same asset pricing models that have been tested using illiquidity-related
portfolios are tested using momentum-based portfolios. There is evidence, for the U.S.
market, that returns on momentum-based portfolios have some exposure to illiquidity
risk36. However, in the context of this study, the models tested with MKT, LFAC,
ZERO-I and ZERO-II, do not meet the joint criteria of insignificant pricing errors and
high R2. In addition, risk premia are also insignificant. Only with unexpected illiquidity,
as estimated by SZERO-I and SZERO-II, are the high R2 and significant risk premia
found, though pricing errors remain significant. For momentum portfolios, the twofactor model, in line with Liu (2006), is found to be the best model, as shown in the last
row of Table 8. Under this specification, using the shocks to the ZERO-I series, 37 along
with market factors, we find insignificant pricing errors and the highest R2 among all
the models tested. However, only the risk premium associated with SZERO-I is
significant (though partially).

Table 9

Return pattern of size based portfolios in good and bad times

This table reports the yearly returns on ten size-based portfolios. Ten portfolios are constructed on the
basis of the previous month’s size information, with each successive portfolio containing the next 10%
more highly capitalized stocks, such that S-1 includes the smallest cap stocks while S-10 includes the most
highly capitalized stocks. A sudden market-wide decrease in zero return days suggests an economic upturn
(Good Times), while a sudden market-wide increase in zero return days suggests a downturn (Bad Times).
Sudden increases/decreases in zero return days are measured as shocks to the ZERO-II illiquidity measure.
These shocks are estimated using an AR (2) model.

S-1
S-2
S-3
S-4
S-5

Good Times
46.07%
S-6
16.50%
S-7
16.92%
S-8
13.97%
S-9
12.69%
S-10

13.48%
13.48%
14.08%
10.22%
8.65%

S-1
S-2
S-3
S-4
S-5

Bad Times
10.03%
S-6
-0.96%
S-7
-1.32%
S-8
-0.49%
S-9
0.56%
S-10

3.87%
6.47%
7.37%
9.15%
13.92%

5.3. Discussion and analysis
The results show that illiquidity is priced for the set of portfolios tested in this paper in
the context of Nordic markets. However, illiquidity is priced differently for different
portfolios. In the case of illiquidity-related portfolios, the LFAC and ZERO-I are
sufficient pricing factors and the addition of another factor (i.e., the market factor) does
not increase the adequacy of the model. For expositional purposes, we estimate a crosssection of twenty portfolios 38 by imposing the condition that the intercept is zero, as
guided by the theory. Figure 2 shows a scatter diagram between realized and modelStudies that document a link between returns of momentum portfolios and illiquidity risk for the U.S.
markets include Pastor and Stambaugh (2003), Korajczyk and Sadka (2008), Lesmond et al. (2004), Liu
(2006), Sadka (2005), among others.
36

37
38

Using the shocks to the ZERO-II series produces very similar results.
Of these, ten portfolios are size based and other ten are price inverse ratio portfolios.
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fitted returns; it is clear that illiquidity risk captures most of the varying return patterns
for portfolios with different illiquidities, whereas CAPM is quite flat. A particular
drawback of CAPM is that it assigns higher factor loadings to liquid portfolios and
lower factor loadings to illiquid portfolios compared to their realized returns. Whereas
illiquidity-related factors assign the appropriate loadings, keeping into account that
liquid portfolios are hedged well against illiquidity risk, and illiquid portfolios are
exposed to such risk, which results in lower and higher returns, respectively. Such
differing returns are essentially compensation to investors for hedging/bearing marketwide illiquidity risk. This is further illustrated in how well the returns differential is
explained between the most illiquid and liquid portfolios by taking the differential
between factor loading on extreme portfolios associated with a particular factor and
multiplying it by the respective risk premium. For price-inverse portfolios, the yearly
realized return difference is 33.14%; the LFAC predicts this difference to be 39.11%,
whereas the CAPM predicts only 4.6%. For size-based portfolios, the realized returns
differential is 18.14%; ZERO-I predicts 17.27%, but CAPM explains only 0.94% of
return differential.
For momentum-based return structures, the successful illiquidity-related models are
not particularly important. However, the shocks to both the ZERO-1 and ZERO-II
performed much better and a two-factor model comprising market factors and SZEROI is generally the most successful. This is shown in Figure 3, in which we draw a scatter
diagram between the realized and model-fitted returns. It may be so, that for illiquidity
related portfolios the only illiquidity risk alone is sufficient for illiquidity-related
portfolios; for momentum-based portfolios, it is important but is not the sole pricing
factor. It is notable that most studies that link illiquidity risk and returns on
momentum-based portfolios use unexpected rises and falls in market-illiquidity, as is
the case in this study.
To analyze the importance of unexpected market illiquidity, we use a series of shocks of
SZERO-II and partition the returns structure of size portfolios into two regimes. First,
when the value of SZERO-II is negative (zero returns are dropped suddenly on a
market-wide basis), this indicates that the market’s liquidity suddenly increases.
Second, when SZERO-II is positive (zero returns are increased suddenly market-wide),
market liquidity suddenly decreases. Table 9 elaborates the return patterns of the
portfolios within these two regimes; S  ^1,2,3,4,5` are illiquid portfolios (smaller
capitalized), and S  ^6,7,8,9,10` are liquid (highly capitalized). When the market
becomes unexpectedly liquid (good periods), there is obvious monotonicity in the
realized returns; the average yearly returns on five of the illiquid portfolios are 21.33%,
and the average yearly return is 12.00% for the liquid portfolio. A somewhat reserve
pattern is there in bad times when the market becomes suddenly illiquid; in these
periods, yearly returns on illiquid portfolios are 1.56% and for liquid portfolios yearly
returns are is 8.25%, respectively. Obviously, the drop for illiquid portfolios is steeper.
For pricing such types of stock return patterns, Acharya and Pedersen (2005) elaborate
that the covariance between illiquidity and stock returns is negatively priced. Indeed,
the shocks to market illiquidity were persistently negatively priced across all test
portfolios, as shown in Tables 7 and 8. Assets that offer higher returns when market
illiquidity increases, such as S-10, for that investor forego some returns when the
market is liquid. Thus, the lower returns of illiquid stocks in good times are
compensated with higher returns in bad times and vice-versa for liquid stocks.
However, for purposes of model success, the estimated factor loadings associated with
SZERO-II in Table 6 do not line up particularly well with realized returns. Possible
causes for this may include sample selection bias, survivorship bias, etc.; nevertheless,
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Table 9 shows that the return structure of illiquidity-based portfolios is exposed to
changing market-wide liquidity. This effect is also present for other portfolios and for
market returns as a whole, as the total yearly return on the market portfolio is 16.79%
in good times and 4.87% in bad times, which indicates that changing market-wide
liquidity has an impact across the universe of stocks.
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6.

CONCLUSION

This paper finds that illiquidity risk matters for the combined stocks of four similar
illiquid markets in the Nordic region. To illuminate this relationship, the correct choice
of the illiquidity measure to proxy for market-wide risk is critical because most
commonly proposed measures do not yield return dispersions for stocks with different
liquidities and thus are not the proper characteristics upon which to conduct assetpricing tests. This paper used a modified version of the liquidity measure used by
Bekaert et al. (2007) to offer the best results. A possible reason for its better
performance in comparison to others illiquidity measures, including that of Bekaert et
al. (2007) is that it assigns a higher value of illiquidity to the stocks that have a low
speed of trading / relatively longer intervals of no-trading. Alternatively, it gives more
weight to stocks that are not traded for consecutive days because of higher transaction
costs (investors require higher market returns to rationalize trading for such assets).
Another conjecture is that the stocks that more frequently encounter a situation of zero
returns in the equity market that are accompanied by the days in which change in the
$/local exchange rate is lesser than overall returns in equity markets face an acute
liquidity shortage. As this situation leaves an investor with no possibility of trading
either in equity market owing to higher transaction cost and of no option of recovering
this transaction cost by trading in liquid FX markets, as returns in later markets are
lesser that equity markets. This proposition is motivated in this study, however detail
analysis are left for future research.
In this study, we also estimate illiquidity risk as a factor-mimicking portfolio (LFAC)
that yields excess return on high-low illiquid portfolios with a zero-investment strategy.
This liquidity factor is independent of stock capitalization such that the size and
illiquidity nexus is disentangled in this study. In short, both of these market-wide
illiquidity risks (i.e., ZERO-I and LFAC in standalone capacity) price the size and price
inverse related portfolio very well. However, for non-illiquidity related characteristics,
such as momentum-related portfolios, these factors do not constitute the successful
models. Therefore, in addition to these factors, we also constructed the systematic risk
of illiquidity as a monthly accumulation of shocks to expected illiquidity, which is a
practice in vogue for illiquidity-related studies. We find that the returns structure for
momentum portfolios is captured well by shocks to ZERO-I in conjunction with market
factors .Even though in this two factor model the illiquidity-related factor is stronger
and more significant in comparison to the market factor. The models using shocks to
market illiquidity as systematic risk are not that successful overall, but indirect analyses
conducted do suggest that stock returns in general sway along with the unanticipated
changes in market illiquidity.
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HILAL ANWAR BUTT
ASSET PRICING IN SMALL SIZED DEVELOPED MARKETS

Asset pricing as a subject is a quest to rationalize
different prices associated with different assets that are
on offer in ﬁnancial markets. It does so, using a set of
assumptions to mathematically model investors’ behavior, over a set of alternative choices, each leading to an
uncertain future outcome. Under this scenario, investors
make a choice of foregoing a part of today’s consumption for tomorrow in a way that marginal utility of loss
of consumption today is equal to marginal gain in utility
tomorrow. This equivalence theoretically determines asset prices. Therefore, there is only one prediction in asset
pricing: asset returns must line up with the marginal rate of
substitution (MRS) that they provide to the investors. This
thesis is an attempt to map in particular the theoretical
MRS with empirically available proxies of liquidity risk for
small-sized developed markets.
In the ﬁrst essay a number of asset pricing models are
tested for the Finnish market. Generally, the results differ
in comparison with other markets. For the small Finnish
market the signiﬁcance and size of many risk factors
change once equally or value weighted portfolio returns
are used. However, the Carhart (1997) model is by far
the best performing model for both equally and value
weighted portfolios. Once the Capital Asset Pricing mod-

el is conditioned with a January dummy the model becomes signiﬁcant for value weighted portfolios, whereas
conditioned with an illiquidity factor, returns are better
explained for equally weighted portfolios.
The other essays summarize the effect of illiquidity for
the Finnish and Nordic equity markets. The proposition
that illiquidity matters for illiquid markets is sufﬁciently fulﬁlled. In one article we ﬁnd that of the total return differential between the most illiquid and liquid assets, up to 92%
is explained by the liquidity risk factor. For the U.S market
the corresponding percentage is 17. Further, the illiquidity
factor explains more than the CAPM model. There is also
ample evidence that the single most successful illiquidity factor has explanatory capacity that is comparable to
that of the three or four factor models of Fama and French
(1993) and Carhart (1997) respectively.
Finally, illiquidity appears to be important for all the
Nordic equity markets. However, this evidence is not revealed using commonly proposed measures of illiquidity.
Only when the proposed measure of illiquidity accounts
for non-trading intervals and speed of trading, it is found
that liquidity risk is linked with expected returns in the
Nordic markets.
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